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CHAPTER I

INTRODUCTION

Before dawn broke in San Salvador on September 19, 1982, and after weeks of
heavy rains, a great mass of soil, rocks, vegetation and water, tore through a valley on the
flanks of the San Salvador Volcano and through the neighborhood of Los Mejicanos.
The 300,000 cubic meters of debris destroyed dozens of homes, roads and buildings in El
Salvador’s  capital  city.    An estimated 300-500 people lost their lives in  this  “Tragedy  of  
Montebello” [Moisa and Romano, 1994; Finnson et al., 1996]. This was not the first
landslide of its kind in the Las Lajas ravine; a similar event had happened in the same
place in 1934 but did not cause any deaths as the city had not grown so close to the
volcano’s  flanks  (Pullinger, National Territorial Studies Service (SNET), unpublished
data, in [Major et al., 2004; SNET, 2006]).
These types of catastrophes increased as the Central American population soared
in the 1990s and 2000s. In October of 1998 Hurricane Mitch brought torrents of rain
from the Atlantic Ocean, causing widespread floods and landslides and leaving casualties
of 11-18,000 thousand people throughout Central America [National Climatic Data
Center, 2013]. Less than a decade later, Hurricane Stan and the simultaneous eruption of
the Santa Ana Volcano in El Salvador wreaked havoc on surrounding towns and affected
nearly  half  of  El  Salvador’s  population  [Bowman, 2009]. In 2009, an un-named low
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pressure system from the Pacific collided with Atlantic Tropical Storm Ida, triggering yet
more lahars, fast-moving masses of debris, mud, boulders and water, on the San Vicente
Volcano that destroyed entire blocks of the towns downstream. Some twenty kilometers
away hundreds of shallow landslides around Lake Ilopango damaged homes and
infrastructure, illustrating the great risk faced by much  of  the  country’s  population  
[MARN, 2013b]. Measured by the highest number of deaths relative to population size
and magnitude of economic losses, these events in 2009 led climate policy analysts to
name El Salvador the country most affected by extreme weather events. [Harmeling,
2010]. Of the 1175 landslides recorded in El Salvador since 1900, 1101 have been
triggered by rainfall and 34 by seismic activity. Accumulated casualties are higher for
rainfall-triggered landslides too; 895 deaths and 1259 homes were destroyed by such
events, while earthquake-induced landslides have caused 586 deaths and resulted in 303
homes destroyed [OSSO et al., 2013].
Despite the repeated history of landslides and loss of life and property, the same
neighborhood that lay in the path of the 1982 lahar has since been reinhabited. Today,
the population in the San Salvador metropolitan area has soared to 2 million leaving even
greater numbers exposed to disasters [Cepeda et al., 2010]. Several years ago, between
midnight and 2 am on October 19, 2008, residents and officials were startled when a
small mass of earth broke away from the same failure point as the 1982 event. While it
has not grown into a full-fledged lahar, today it lurks above the capital city as a reminder
of the 1982 tragedy [SNET, 2008]. The area affected was indeed classified as having
“high”  susceptibility by SNET on October 19, but it was not identified on the 18th. This
information could have come too late to some, had the landslide been of greater
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magnitude. Since 2008, scientists from the Directorate General of the Environmental
Observatory (DGOA, previously known as SNET) have been working to hone the
understanding of the critical rainfall thresholds needed to trigger landslides and therefore
improve this component of an early warning system [Manuel Diaz, pers. comm., 2011].
Because landslide events such as these are localized, it is valuable to have a dense
network of rain gauges to provide accurate and precise information. In the absence of
this in situ data, satellite-based estimates from instruments such as the Tropical Rainfall
Measuring Mission (TRMM) should be used to fill gaps. Such estimates show seasonal
and monthly anomalies for pertinent months in 2008, which generally agree with rain
gauge data; however, “real  time” 3-hourly estimates perform poorly, neither capturing the
short-lived, intense rain storms, nor resolving the shallow-orographic rainfall, overall
resulting in underestimated precipitation especially in mountainous areas [Kirschbaum et
al., 2009b]. Government officials in El Salvador recognize the importance of data to
adequately monitor and predict hazards that persistently threaten lives and livelihoods.
They understand how such phenomena can have  disastrous  effects  on  the  country’s  
population and recognize the importance of robust monitoring. El  Salvador’s  Minister of
the Environment and Natural Resources Herman Rosa Chávez  states  that,  “a cutting edge
monitoring network - and the support behind it - is critical, particularly if we are going to
be  experiencing  extreme  weather  events  at  least  once  a  year,”  [pers. comm., 2011]. In
fact, El Salvador has arguably the most advanced meteorological and geological
monitoring and forecasting capabilities of any Central American country. This makes it
an apt location to test the performance of satellite data against a more complete set of in
situ observations.
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In order to effectively manage disasters for both long term planning purposes and
immediate alerts and warnings, government officials rely on a variety of decision support
tools. In terms of Earth system data, these range from static maps and documents to
dynamic, real time, and forecasted conditions. The sources of these data span in situ
monitoring networks, remotely sensed observations, satellite-based products, and model
simulations generated domestically and abroad. In El Salvador, the Directorate General
of the Environmental Observatory (DGOA, in Spanish, and formerly known as SNET)
within the Ministry of the Environment and Natural Resources (MARN) is responsible
for monitoring environmental conditions and communicating with relevant agencies
when events such as hurricanes, floods, landslides, earthquakes, and volcanic eruptions
pose a threat to lives, livelihood and infrastructure. While current decision support
systems (DSS) incorporate a combination of static maps, local in situ observations, and
global forecasts, there is room for improvement when it comes to pinpointing 1) the
timing and 2) location of imminent hazards and assets at risk. The United States
Geological Survey (USGS) has identified the following major considerations in landslide
hazard assessments: when and where landslides will occur, their volume, their runout
speed and distance, and the affected or damaged people and assets. Such considerations
address the physical hazards and their immediate impacts, yet a longer term
understanding of the frequency of landslides in an area will provide insight into the
probabilistic risk [USGS, 2010]. It is often difficult to assimilate the products or
outcomes of the existing diverse studies into a comprehensive DSS, meaning that
connections between the timing and location of a landslide and its area of impact can be
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lost. Institutions like DGOA and others with similar responsibilities face this significant
challenge in providing timely and accurate information for civil protection.

1.1

Problem statement

The overarching context of this project is to bridge the gap between static
landslide hazard information and the dynamic environmental conditions that trigger
landslides. The primary goal is to improve real time rainfall-induced landslide hazard
assessments, ultimately enabling decision makers to provide more timely and accurate
warnings and reduce the loss of life and property. I address this by testing a variety of
spatial and temporal environmental conditions that contribute to landslides in El Salvador
in order to better understand their cause. A secondary outcome of this is an improved
knowledge base upon which to build more sustainable land use and zoning plans that
serve to reduce exposure to hazards and mitigate the impacts of disasters.

1.2

Statement and justification of specific aims

In order to address the problem at hand, I identify the following three specific
objectives:


The first objective is to compile a set of environmental variables ranging from
topography, meteorology, hydrology, soil and geological characteristics, and
human factors, to test against landslide presence. This includes a catalog of
rain gauge and satellite-based precipitation data for all documented rainfallinduced landslides in El Salvador since 1998. These variables address the
timing and locations of slope failures and serve as the basis for a gridded
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model to identify specific landslide trigger points. Environmental variables
currently considered on a real-time basis are limited and result in landslide
alerts that are issued for very large regions instead of municipal- or watershedspecific areas. By identifying key factors that correlate with landslides, I
demonstrate how incorporating more relevant information into a DSS can
render alerts more effective.


The second objective is to delineate potential inundation zones for volcanic
lahars and shallow (nonvolcanic) debris flows, using the above-mentioned
triggers as initiation points. To date, inundation hazard zones have only been
identified for volcanic lahars, this in spite of the annual occurrence of shallow
landslides and the availability of tools to delineate a variety of kinds of
landslide inundation zones. This approach addresses the other spatial question
about landslides, namely, how far will they go? By outlining areas which are
potentially inundated by debris, this step also serves to identify the places and
assets immediately exposed to the hazard.



The third and final objective contextualizes the results of the previous two
efforts into a DSS and the larger disaster management cycle. I discuss if and
how these analyses would have provided additional knowledge in the past,
and identify specific recommendations as to how they could contribute to a
more robust decision support system in the future.

It is expected that these improvements may result in immediate, tangible benefits
once implemented, not only through more timely and accurate landslide warnings but
also by contributing to the body of scientific knowledge regarding landslides that can
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enhance sustainable development efforts. As illustrated above, El Salvador is not the
only country in the region that must face such hydro-meteorological threats; neighboring
countries throughout Central America could also benefit from the applied research
presented in this thesis.

1.3

Organizational structure of this thesis

In the remaining chapters I elaborate on landslide science and DSS today, I
present the methods and results of my research, and discuss implications and areas for
further research. I review relevant literature in Chapter 2 in order to portray the state of
knowledge on rainfall-induced landslides in El Salvador and how decision makers
manage such risks. Landslides and disaster management in El Salvador must be
considered from the perspective of the  country’s unique set of physical and cultural
characteristics. The review of this context in Chapter 3 provides the appropriate
background information to understand the topic at hand. I then describe the methods and
results for each of the specific aims in the ensuing three chapters. This type of
organization allows for a more focused description of the methods and results that pertain
to each specific aim. I first focus on testing environmental variables to find the best
characterization of rainfall-induced landslides in Chapter 4. I then examine the
delineation of debris inundation zones in Chapter 5. I continue by discussing and
interpreting the results in Chapter 6, where I also apply the scientific and technical work
in real world scenarios by describing the implications of incorporating my methods and
results into a decision support system. Finally, in Chapter 7 I conclude by providing a
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summary of the research, highlighting the main discoveries and identifying areas for
future work.
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CHAPTER II

LITERATURE REVIEW

Landslides have received significant attention from the scientific and public
policy communities. The studies of their causes and effects can be categorized into
distinct phases of the disaster management cycle and whether hazard, vulnerability, or
overall risk aspects are addressed. This review of literature describes the state of
knowledge on landslides beginning with an Earth system science point of view, then
transitioning  to  a  more  “applied”  perspective  on  how  data  and  tools  support  decisionmaking. While others have conducted extensive reviews of landslide risk management
[Guzzetti et al., 1999; Dai et al., 2002; Metternicht et al., 2005; van Westen et al., 2006],
I focus on presenting and evaluating literature germane to the current situation of
landslide hazard identification and decision support in El Salvador. In the remaining
sections I explain the organization of this chapter, present previous research on
identifying landslide hazards, contextualize those efforts within the broader disaster
management cycle, and conclude with a summary of the literature to emphasize the
rationale behind the specific aims of this thesis.
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2.1

Organizing principles

I divide this literature review into two categories, the first being the assessment of
the physical hazard itself, and the second including relevant aspects of decision support
systems and the broader disaster management cycle. I begin in Section 2.2 by addressing
the scientific and technical aspects of landslide hazards with emphasis on the various
spatial and temporal scales that each study addresses. In Section 2.3 is a review of how
the disaster management community categorizes different aspects of natural and humaninduced phenomena into distinct phases. I also describe the research and applications on
decision support systems for relevant hydro-meteorological and geological hazards. This
review contextualizes the current work within the broader disaster management cycle and
helps to clearly communicate the specific contributions of this thesis.

2.2

Characterizing landslide hazards

Hazard assessments typically cover two broad characteristics of slope failures,
namely their sources and sinks. A source refers to the location from which a landslide
initiates, while a sink connotes the area inundated by the resulting debris. I also refer to
these as trigger points and inundation zones, respectively. For organizational purposes
and to reflect how these two camps of landslide hazards are compartmentalized, I
separate the literature on identifying triggers and delineating inundation zones into two
subsections (2.2.1 and 2.2.2, respectively). Identifying triggers and delineating areas that
have experienced slope failure and those that may in the future is an important input into
development plans and disaster management. Olsen [2002] divides this type of research
into two areas: landslide dynamics and causal factors of landslides. The first area focuses
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on the geotechnical aspects of an individual landslide, while the second considers various
environmental factors that are usually mapped for much larger study areas. In the interest
of identifying landslide hazards at a national scale, this thesis focuses on the second area.

2.2.1

Identifying conditions for rainfall-induced landslides

Most previous efforts in landslide mapping in El Salvador have achieved a static
spatial representation of the hazard in terms of where shallow landslides may initiate
[Mora and Vahrson, 1994; MARN, 2004; SSAI et al., 2005; Balzer et al., 2010]. The
basis for these types of studies centers on relating environmental variables to slope
stability. Typical inputs may include the geomorphic, hydrologic, and geological
characteristics, land cover and land use, and historic rainfall averages. They may also
consider human or cultural factors such as population density, roads, built up areas, and
impervious surfaces. A significant limitation to many landslide hazard maps is that they
are 1) often qualitative and 2) do not provide temporal information [Van Westen et al.,
2006].
Methods for assessing the probability of landslides are commonly divided into
four categories: inventory, heuristic, statistical, and deterministic [Soeters and Van
Westen, 1996; Dai et al., 2002]. Historical information is crucial to understanding the
causes, effects, and characteristics of landslides, but such historical inventories are often
subject to the lifetime of research grants, may be kept across multiple agencies, and lack
detailed information on all events. While aerial and satellite imagery can complement
landslide catalogs [Metternicht et al., 2005], it is nearly impossible to determine a precise
date of slope failure with image interpretation alone [Van Westen et al., 2006]. Catalogs
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range from global to site-specific levels, and their spatial precision is a reflection of the
scale at which they are documented [Devoli et al., 2007; Kirschbaum et al., 2009a;
Eeckhaut et al., 2010; Guzzetti et al., 2012]. The devastating impacts of Hurricane Mitch
prompted the development of disaster risk databases in Central America, some of which
have been shelved and others of which are more actively updated [Bucknam et al., 2001;
Devoli et al., 2007; MARN, 2013b; OSSO et al., 2013]. Given a rich-enough database,
temporal frequency can be determined from inventories. That being said, landslides
typically do not have a magnitude-frequency relation for given locations as do storms and
floods, unless the spatial unit of measure is very large [Van Westen et al., 2006]. A
significant limitation of many catalogs is a bias in documenting landslides that only
affected people, roads, or buildings. Unless a landslide is observed shortly after it occurs,
it is unlikely to be included in an inventory. This is directly related to the fact that only
11 out of the 1175 documented landslides in El Salvador have been reported not to have
affected people [OSSO et al., 2013]. Moreover, there is general agreement in the
literature that even landslides that have affected populations in some way go
undocumented [Kirschbaum et al., 2009a; Guzzetti et al., 2012]. Because they are often
the result of heavy hydro-meteorological and geological triggers, they may be grouped
together with other events such as hurricanes, floods, earthquakes, or volcanic activity.
Even though historical inventories are sometimes grouped into their own category of
hazard assessment, they serve as the foundation for other methods, especially heuristic
and statistical.
Heuristic methods involve estimating landslide potential from a range of variables
based on expert opinion; this is founded on assumptions of the relationships between the
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variables and landslide potential [Dai et al., 2002]. Variables are often static
(unchanging over time) and may be classified into indices and ranked based on
importance factors [Wati et al., 2010]. Often they provide a macro-level idea of
susceptibility [Mora and Vahrson, 1994] and can replace other methods that require
costly field data [Barredol et al., 2000]. Existing and previous hazard maps for El
Salvador employ heuristic methods by combining factors such as slope, soil
characteristics, land use, and rainfall, to assign classes of landslide susceptibility [DGEA
et al., 1999; MARN, 2004]. Since local experts are often responsible for subjectively
deciding how to rank and combine causal factors, such methods are of limited
reproducibility, researchers may disagree on the best methods [Dai et al., 2002; Van
Westen et al., 2012], and it is difficult to test the relative efficacy of one expert method
over the other.
Deterministic methods are applicable to small areas and are based on analysis of
slope stability when conditions across the study area landscape are fairly uniform [Dai et
al., 2002]. An advantage is that they allow for a quantitative assessment of factors of
slope stability as defined by variables such as pore pressure and shear strength, which are
known to be determining factors of slope failure [Montgomery and Dietrich, 1994;
Terlien, 1998].    A  model  denoted,  “Shalstab,”  expresses this in a coupled hydrologic and
slope stability model:
=

1-

sin β,

Eq. 2.1

where P is effective precipitation, T is the soil transmissivity, ρs and ρw are the
soil and water bulk density, β is slope angle, θ is the angle of internal friction, b is
outflow boundary length, and As is the drainage area [Dietrich and Montgomery, 1998].
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These variables need not be measured outright and can be derived from DEMs if
assumptions are made [Pack et al., 1998]. Deterministic models do not consider
probabilities; rather, they are used to pinpoint a time or place when conditions are met for
a slope failure. Several studies have used deterministic methods for earthquake-induced
landslides in El Salvador [García-Rodríguez et al., 2008; García-Rodríguez and Malpica,
2010]. For rainfall-induced landslides, a number of assessments apply rainfall intensityduration thresholds to identify landslide conditions in near real-time [Caine, 1980;
Guzzetti et al., 2007]. These are most applicable for early warning systems [Keefer et al.,
1987; Kirschbaum et al., 2011; Liao et al., 2011]. It has also been suggested that water
infiltration schemes be combined with slope stability assessments [Segoni et al., 2009;
USGS, 2010], where rainfall can be measured by rain gauges, satellites [Hong et al.,
2006], or numerically predicted [Godt and McKenna, 2008]. A limitation is that data
requirements are great and as a result often oversimplified to meet the needs of
deterministic models [Dai et al., 2002]. Restricting deterministic methods of landslide
assessment to measures of rainfall and surface topography may ignore the role of
groundwater and other hydrological factors, which are often more directly responsible for
slope failures [Van Asch et al., 1999]. The Transient Rainfall Infiltration and Grid-Based
Regional Slope-Stability Model (TRIGRS) simulates the timing of shallow landslides
triggered by rainfall by calculating changes in pore pressure due to vertical infiltration of
rainfall and horizontal surface runoff [Baum et al., 2008, 2010]. To date, the program
has not been used in El Salvador due to the lack of adequate input data.
Unlike deterministic methods, statistical methods test the relationships of
contributing factors for landslides against landslide occurrence [Komac and Zorn, 2009].
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Bivariate and multivariate statistical analyses, logistic regression, and artificial neural
networks (ANN) are aided by GIS in that many possible contributing factors be
considered at varying spatial detail and with quantitative measures of significance
[Terlien, 1998; Baeza and Corominas, 2001; Ohlmacher and Davis, 2003; Kirschbaum et
al., 2009a; Mancini et al., 2010]. Logistical regression is particularly useful because it
allows that the response variable (landslide incidence) be binary, and test variables can be
either continuous or categorical [Chatterjee et al., 2000]. Numerous cases in Central
America have used and implemented statistical methods to identify critical slopes and
rainfall amounts that tend to trigger landslides [Cannon et al., 2001; Coe et al., 2004;
Guinau et al., 2005; SNET, 2006; Devoli, 2008]. DGOA has used this approach for its
landslide early warning system. Disadvantages in this approach stem from the
oversimplification of inputs in order to achieve full spatial coverage of each factor.
Ensemble techniques that combine multiple statistical approaches have been shown to
increase predictive accuracy and test the sensitivity of models to input data, but they can
be resource-intensive and have not been widely applied to landslide prediction [Lee and
Oh, 2012]. It is also easy to overlook the timing of landslides in this approach since most
geospatial information is not updated on a temporal frequency that matches the evolution
of physical hazard. This is not necessarily a shortcoming of the approach as much as a
limitation in landslide catalogs. In addition to the physical factors that cause landslides
are anthropogenic triggers such as deforestation, slope excavation for roads, and
buildings [Dai et al., 2002]. While land cover is often a test variable considered in
landslide response the date of land cover information rarely matches the precise date of
slope failure. These factors are rarely updated at a temporal frequency that resolves the
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timing of landslides [Van Westen et al., 2006]. Care must be taken when applying data
from disaster inventories to statistical assessments because there may be inherent spatial,
temporal, or categorical biases. For example, there are usually more disasters recorded
closer to populations and a lack of information in unpopulated areas [Simmons and
Sutter, 2011]. This may not be enough to declare a causal relationship between human
presence and frequency of natural phenomena; more eyes and ears in cities and along
roads may lead to a greater chance of documenting a landslide than discovering a
landslide dozens of kilometers away from humans. Similarly, a region lacking of catalog
entries cannot be interpreted as devoid of slope failure.
In terms of specific approaches and factors already considered of particular
applicability for El Salvador and Central America, DEMs can be used to generate a wide
range of geomorphic and hydrological datasets applicable for landslide hazard
assessment. DEMs are often products of either interpolating contour lines or signals from
radar, LiDAR, or stereo-pair images. The results usually contain erroneous depressions
or pits in the surface, and the majority of the spatial analyses pertinent to landslides
require that DEMs be hydrologically prepared. This means that false depressions must be
filled [O’Callaghan  and  Mark, 1984; Jenson and Domingue, 1988]. Traditional pit
removal frequently changes meaningful topography in flat areas and can result in runoff
paths that differ from reality. Newer techniques minimize the alterations and may result
in more realistic flow paths [Soille, 2004]. Slope, aspect, curvature, flow length,
watershed area, and indices such as topographical wetness, stream power and sediment
transport have often been used to characterize soil conditions [Moore et al., 1991, 1993].
Hydrologic analysis of DEMs yields not only locations of streams and watershed
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boundaries but also insight into water table depth. Instead of directly observing
environmental variables in the field, DEMs have been used to simulate key geotechnical
variables that influence landslides such as slope friction and cohesion, which are
functions of soil wetness and relative water table depths [Pack et al., 1998]. The
observed response of landslides to geomorphic characteristics such as topographical
convergence and terrain curvature can also be used to identify potential failure points
from DEMs [Montgomery and Dietrich, 1994; Dietrich and Montgomery, 1998]. A
technique that measures the height above the nearest drainage (HAND) that was
originally developed for wetland ecosystem classification [Rennó et al., 2008; Nobre et
al., 2011] has also been demonstrated for flood and landslide susceptibility mapping
[Nobre et al., 2010], but the extent to which it has been validated is unclear. I explain
specific equations and steps to derive topographical and hydrologic information from
DEMs in Chapter 4. Additional topographic attributes of hydrologic significance that can
be derived from DEMs can be seen in [Speight, 1980; Moore et al., 1991]. As explained
above, a significant limitation of only considering static DEMs is that the timing of
landslides is not addressed.
Heuristic and statistical methods often employ a geospatial approach, where GIS
and remote sensing (RS) are important tools in employing gridded models to locate
specific landslide trigger points [Carrara et al., 1991; Mora and Vahrson, 1994;
Metternicht et al., 2005; Pourghasemi et al., 2012]. The macrozonation method
proposed by Mora and Vahrson employs a heuristic approach by categorizing
susceptibility factors and trigger factors into five classes and creating a relative index of
hazard. Susceptibility factors include slope (β), lithology (L) and soil moisture (SM),
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while trigger factors include seismicity (Sei) and precipitation (P). The overall hazard is
found by performing the calculation:
H  =  (  β  ×  L  ×  SM  )  ×  (  Sei  +  P  ),

Eq. 2.2

which results in values that can be classified into low, medium and high susceptibility. It
should be noted that this method does not consider the timing of landslides; rather, it uses
climatological records to represent soil moisture and precipitation. It is also meant to
identify general zones within countries or administrative areas where further studies
should be prioritized [Mora and Vahrson, 1994]. Originally developed in Costa Rica, it
has since been employed in El Salvador, Guatemala, Honduras, and Nicaragua, to map
landslide susceptibility on a national level [Balzer et al., 2010]. More recently,
CATHALAC has created a landslide prediction tool based off of this method but renders
it more dynamic by incorporating 48-hour quantitative precipitation forecasts
[CATHALAC, 2012]. Specific inputs used for a prototype in Nicaragua are presented in
Table 2.1 [Anderson et al., 2011].

Table 2.1 Inputs for prototype dynamic landslide hazard mapping for Nicaragua
Factor

Variable

Source(s)

Description

Slope

β

[USGS, 1996]

Slope derived from a 30 arc-second DEM

Lithology

L

[INETER, 1995]

Categorized from a geological map

Soil moisture

SM

[Hijmans et al., 2005]

Summarized from monthly rainfall
climatology following [Balzer et al., 2010]

Seismicity

Precipitation

Sei

P

[Giardini et al., 1999;

Derived from peak ground acceleration of

Shedlock et al., 2000]

seismic activity

[SERVIR, 2010]

Accumulations of 72- hour forecasts for
current day and two days into future

18

A limitation of this approach is its consideration of soil moisture climatology
rather than actual conditions. One case study has shown that remotely sensed soil
moisture estimates from the Advanced Microwave Scanning Radiometer - Earth
Observing System (AMSR-E) sensor on board the National Aeronautics and Space
Administration’s  (NASA) Aqua satellite are generally higher when landslides occur, but
only qualitative assessments have been done [Ray and Jacobs, 2007]. While AMSR-E
provided daily data, it could not resolve the spatial heterogeneity that distinguishes
landslide conditions in El Salvador. Downscaling techniques that use linear relationships
among Land Surface Temperature (LST), Normalized Difference Vegetation Index
(NDVI) and albedo derived from the Moderate Resolution Imaging Spectroradiometer
(MODIS) and AMSR-E-estimated soil moisture, have been demonstrated [Chauhan et
al., 2003; Yu et al., 2008; Ray et al., 2010]. Since AMSR-E is no longer providing data,
its analysis for improving landslide DSS in El Salvador would be of limited applicability.
Other considerations of soil moisture and soil moisture proxies have yielded mixed
results [Gritzner et al., 2001; Pourghasemi et al., 2012] and have not been demonstrated
in El Salvador. Even though soil moisture is conceptually correlatable to landslides
because of its relationship with pore pressure in a slope, a factor dictated by the pressure
that  water  exerts  within  soil  pores,  proving  the  variable’s  role  in  landslide  incidence  has  
seemed to elude researchers in many cases. This could be due to the significant
variations in local soil properties that are not captured in test data; denser networks of
hydrological and meteorological stations as well as updated soil surveys could contribute
to more successful inclusion of soil moisture in landslide hazard assessments.
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Monitoring systems are expensive, but innovations in wireless technology have led many
to develop sensor networks that do not rely on wired electrical or communications
infrastructure. Several cases have conceptualized or demonstrated landslide hazard
monitoring systems that sample at extremely high temporal frequencies, but these are all
applicable on an individual slope scale [Ramesh et al., 2005; Terzis et al., 2006; Mehta et
al., 2007; Sheth and Bombay, 2007; Anderson et al., 2011; Srinivasan et al., 2012]. Due
to low cost and adaptability of these networks, there is great potential to pursue this new
data collection method in developing countries.
Rainfall intensity-duration relationships have also been widely used to determine
the timing of landslide triggers and directly address the temporal evolution of landslide
hazards [Caine, 1980; Keefer et al., 1987; Guzzetti et al., 2007; Hong et al., 2007c;
Kirschbaum et al., 2009b]. Unfortunately, few such studies exist in Central America
[Liao et al., 2011],  and  updates  still  do  not  include  El  Salvador’s  climate  zones  [Guzzetti
et al., 2007]. Yet, the Directorate General of the Environmental Observatory (DGOA) in
El Salvador has a Rain Triggered Landslide Warning System (SAT) in place for the
country [MARN, 2013a]. This is based on empirical analysis of daily, 4-day and 15-day
accumulated rainfall and provides a visual idea of potential landslide occurrence by
overlaying rain gauge data on a map of steep slopes [SNET, 2006]. At a regional scale
and led by the U.S. National Aeronautics and Space Administration (NASA), and the
U.S. Agency for International Development (USAID), through the Regional
Visualization and Monitoring System (SERVIR), dynamic landslide hazard mapping
applications have been piloted in Honduras and Nicaragua by the Water Center for the
Humid Tropics of Latin America and the Caribbea(CATHALAC) and with the
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consultation of representatives of national institutions. This initiative focused on making
use of precipitation forecasts to identify the timing of such events at approximately a 9
km grid spacing. Further efforts have led to the development of a Central America-wide
prediction tool for landslides, which applies methods described by Mora and Vahrson
[CATHALAC, 2012]. As of 2013 this tool has not been compared to other decision
support systems. Globally, satellite-based precipitation estimates from the Tropical
Rainfall Measuring Mission (TRMM) have fed into daily forecasts of landslide
conditions on roughly a 25 km grid spacing [Hong et al., 2006, 2007b; Kirschbaum et al.,
2009b, 2011]. The high temporal resolution and wide spatial coverage of TRMM offer
an ability to monitor the intensity of tropical rainfall on a three-hour scale, but the low
spatial resolution leads to inaccuracies in estimating precipitation, especially in
orographic conditions [Hong et al., 2007c; Huffman et al., 2007].
When documenting rainfall-induced landslides, many of the rainfall amounts
attributed to those events are derived from the nearest rain gauges. This can be done by
locating  the  landslide  event  within  each  gauge’s  Thiessen  polygon  [Thiessen, 1911].
Rain gauge measurements are often used to draw isohyets, or lines that represent places
with equal rainfall (similar to topographical contours), on maps. Spline interpolation
offers a similar effect, which results in a draped precipitation surface that retains original
rain gauge measurements at their locations. More advanced geostatistical methods such
as kriging and those that include elevation as a contributing factor to precipitation have
presented varying results when compared to original data [Goovaerts, 2000; Stuart and
Jarvis, 2004; Tait et al., 2006]. It should be noted that interpolation does not create new
observed data; rather it creates spatially continuous data from discrete point data, filling
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the gaps with available data [Isaaks and Srivastava, 1989]. Officials in El Salvador
currently use Thiessen polygons to automatically delimit precipitation amounts in their
real-time landslide early warning system. Isohyets appear in maps and documents, but it
is not evident whether they are manually drawn or automatically interpolated with
computer software [MARN, 2013a].

2.2.2

Delineating debris inundation zones

Knowledge of areas susceptible to being inundated by debris, limited information
exists for El Salvador. There exist a number of static maps that depict how far volcanic
lahars may run out under different scenarios [Major et al., 2001, 2004]. To prepare such
maps analysts used the USGS-developed program to map lahar-inundation hazard zones
(LAHARZ), which simulates inundations of valley thalwegs with specified volumes of
debris [Schilling, 1998b] using empirical relationships of lahar runout length and width
[Iverson et al., 1998]. Iverson et al. suggest that LAHARZ be used to delineate
inundation hazard zones given a range of debris volumes, rather than one specific
volume. This avoids the dichotomous classification of hazardous and hazard-free areas,
which can be a dangerous strategy in communicating the chances of a disaster striking a
particular place. For three major volcanoes in El Salvador, analyses show that debris
flows are typically concentrated within 10 km of the summits. The urban and agricultural
expansion within these radii and along flow paths places many in hazardous conditions
[Major et al., 2004].
Like many of the trigger point assessments previously described, the LAHARZ
method does not consider the timing of lahars. Moreover, the initiation point must be
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predetermined in order to delineate potential inundation hazard zones, and LAHARZ
does not offer a standardized approach to identify these points for both volcanic lahars
and shallow landslides [Griswold and Iverson, 2008]. Because volcanic lahars and
shallow landslides have different runout characteristics, it was not possible to outline
inundation hazard zones for shallow landslides, despite their great prevalence throughout
Central America. Fortunately, newer research that has quantified the cross-sectional and
planimetric areas of shallow landslides has allowed recent versions of LAHARZ offer
users the ability to delineate different types of landslides. With these information and
tools there exists a great potential to semi-automatically generate inundation hazard zones
for the different types of landslides that the region experiences, rather than being limited
to volcanic lahars. Such efforts may currently be under way, but the published literature
does not refer to any cases for El Salvador.
For these approaches to delineate inundation hazard zones, the quality of the input
DEM, in terms of its spatial resolution and ability to accurately represent flow paths, is
very important. It is possible to run LAHARZ with DEMs of varying spatial resolutions,
but DEMs from the Shuttle Radar Topography Mission (SRTM) and the Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) have limitations.
Their ability to capture the detail of steep flow channels can be due to low spatial
resolution and a confusion of forest canopy for bare earth [Farr and Kobrick, 2000;
Hirano et al., 2003; Hubbard et al., 2007; Muñoz-Salinas et al., 2009]. Especially for
lower volume landslides, it has been suggested that high resolution Light Detection and
Ranging (LiDAR) DEM be used because it can resolve fine topographical features and
distinguish different levels of materials (e.g., tree canopy, solid earth) with much greater
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certainty [Griswold, 2003]. In terms of validating these simulations against observations,
Cepeda et al. identify limitations in selecting runout model  parameters  and  use  “true  
positive  rate”  and  “false  positive  rate.”  [2010]. The former is a calculation of the
agreement between observed and simulated data, while the latter serves as way to
determine the failure rate with respect to over- and under-prediction.
In order to delineate the precise cross-sectional and planimetric areas for future
landslides in areas that have already experienced landslides, it is necessary to have
updated  elevation  data.    El  Salvador’s  national  DEM  uses  topographic  information  
gathered during the 1970s and 1980s and has not been updated since [CENTA and FAO,
1998]. LiDAR-derived data may become available within the next few years. In the
meantime, synthetic aperture radar (SAR) data acquired from airborne and spaceborne
sensors may provide updated elevation data if the resolution is high enough [Metternicht
et al., 2005; Rau et al., 2012] and may even be used to estimate landslide volumes if data
is available pre- and post-event. The utility of recently available Uninhabited Aerial
Vehicle Synthetic Aperture Radar (UAVSAR) data for part of El Salvador has yet to be
tested.

2.3

Disaster management and decision support

Most versions of the disaster cycle represent the different phases within which
disaster managers and decision makers operate (Figure 2.1).
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Figure 2.1 Phases and progression of the disaster cycle
(adapted from [Alexander, 2002])

First, a mitigation phase involves the planning and measures taken to avoid
disaster in the first place. Hazard maps have an obvious role in this category, as they
help shape land zoning and land use practices. Next comes the preparation phase, which
is still before a disaster strikes but when signs indicate that the threat is imminent. In the
case of landslides, a severe storm in the forecast could trigger the transition to the
preparation phase. Local observation of new cracks or fissures in the soil or other signs
of slope movement may also be cause for alarm. It is in this phase that officials advise or
alert potentially affected populations of the hazard. Monitoring and warning systems
play an important role in assessing conditions to determine if they could lead to
landslides and can lead to an evacuation decision [Dai et al., 2002]. Immediately after
disaster strikes comes the response phase. First response teams are mostly focused on
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rescue and recovery in the field, while scientists and analysts typically focus on
identifying and measuring impacts. After the initial brunt of the event subsides, recovery
efforts address the relocation of refugees, order is restored, and reconstruction takes
place. Reconstruction efforts should be guided by the new knowledge gained from the
experience of the disaster and should contribute to mitigating the same type of disaster in
the future. Zoning plans and construction standards may need to be revisited, revised and
reinforced, to minimize future losses [Alexander, 2002].
Van Westen et al. describe the commonly used definition of landslide risk as the
product  of  the  hazard  and  an  area’s  vulnerability [2006]. In this framework, hazard is a
function of spatial and temporal probability. The term vulnerability describes intrinsic
characteristics the elements at risk such as people or assets [ibid]. Alexander clarifies
that risk is the intersection of hazard and vulnerability and that a hazard is only hazardous
when it threatens something or someone [2002]. Likewise, vulnerability is triggered by
the presence of a hazard. With respect to landslides, Dai et al. explain that risk
assessment has to do with quantifying levels of risk and deciding whether or not they are
acceptable or tolerable [2002]. Inputs for this include the probability of landslides,
runout characteristics, vulnerability of populations and assets, the resulting risk they face,
and what management and decision making strategies are employed to address these
issues [ibid]. The work in this thesis focuses on achieving a better understanding of
which factors contribute to the probability of landslide hazard. This fits into the
mitigation and preparation phases of the disaster cycle. Because I focus not only on the
location but also on the timing of landslides, I place the greatest emphasis on the
preparation phase.
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Because of the spatial nature of landslides, GIS is a clear choice for an analysis
tool and has caused the focus on regional assessments to outweigh site-specific studies
[Alexander, 2008]. Hazard assessment is facilitated through the ability to overlay
information and measure spatial relationships. In addition to the analytical capability of
GIS is the power of communication that maps afford. Hazard maps range from global
[CHRR et al., 2005] to site-specific (many cases mentioned previously). Some are never
published and never modified, while others are designed to update daily [Kirschbaum et
al., 2011]. Since Hurricane Mitch in 1998 and the 2001 earthquake in El Salvador, there
has been greater public interest in GIS for disaster management [Hernández, 2004].
Although maps and descriptions of Global Positioning Systems (GPS) appear in public
awareness guides and convey landslide hazard mitigation information to the wider
population [Hernández et al., 2002], use of GIS has not penetrated municipal
governments as much as originally expected [Hernández, 2004].
Since static landslide hazard maps do not consider dynamic conditions they
cannot be used effectively in the preparation phase, such as to order an evacuation or road
closure [Terlien, 1998]. Only when data are available on a daily or hourly basis can these
types of decisions be made. To leverage more timely information, DGOA’s  DSS uses 1day, 4-day, and 15-day rainfall accumulations and is updated daily [MARN, 2013a].
Kirschbaum et al. describe a global DSS that uses 1-, 3- and 7-day precipitation durations
from TRMM and is updated every 3 hours [2009a, 2011]. The regional DSS provided by
CATHALAC uses  the  sum  of  yesterday’s,  today’s  and  tomorrow’s  precipitation  as  
predicted from a numerical weather model and is also updated daily [CATHALAC, 2012].
Quantitative precipitation forecasts from mesoscale numerical weather models have not
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been  incorporated  into  El  Salvador’s  current  DSS  due  to  disparities  between  forecast  and  
observed precipitation.
Multiple sources of information feed into a DSS. Figure 2.2 depicts two types of
hazard assessments for San Salvador, the first showing potential trigger points of slope
failures, and the second showing a potential debris inundation hazard zone. Both convey
information on landslides, but taken individually they may lead to an incorrect
interpretation of overall risk. Neither of these maps conveys a temporal frequency or
temporal probability of occurrence; it is for this reason that MARN and others such as
CATHALAC employ rainfall-triggered landslide early warning system.

Figure 2.2 Existing landslide hazard assessments for San Salvador
The map on the left shows different landslide trigger areas for a given period of time according to the
Mora-Vahrson method and generally demonstrates high susceptibility on El Picacho and low susceptibility
in the city of San Salvador. The map on the right shows potential lahar inundation zones for one of many
ravines of El Picacho (without regard to time) as determined with LAHARZ and portrays high probability
of lahar inundation in parts of San Salvador. Filling the gap between a regularly updated trigger analysis
and inundation hazard zones should aid decision makers in identifying specific zones and populations
facing imminent threats.

A search of recent literature shows a widespread use  of  the  term  “decision  support  
systems.”    It  is  not  evident  in many cases how the results achieved will directly affect
decision making or improve DSS. To respond to what I perceive as a shortcoming of
previous studies, I focus the discussion of this thesis around their implications in a DSS
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in El Salvador. I address questions specific to decision makers: What is the current state
of DSS with respect to landslide monitoring, early warning and for mitigation purposes,
and how can the results presented produce calculable improvements in warning
effectiveness? I return to these topics in the Background and Discussion chapters.

2.4

Concluding remarks on the state of landslides in El Salvador

To summarize, the characterization of landslide hazards in El Salvador can be
divided into two main areas: identifying conditions for slope failures including the
precise location and timing, and delineating debris inundation zones. Methods for
assessing hazards are categorized into inventory-based, heuristic, deterministic and
statistical, each having its own strengths and weaknesses. Owing to the increasing use of
GIS and RS techniques, statistical and heuristic methods that are fed by landslide catalogs
are the more prevalent type of study today. I categorize the reviewed literature by
temporal and spatial detail in Figure 2.3 in order to illustrate the gaps and highlight the
unique niche that my thesis fills.
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Figure 2.3 Landslide hazard assessments in the literature as classified by level of spatial and temporal
details
Subscript numbers refer to the following examples of specific cases. 1, [Hong et al., 2006, 2007a;
Kirschbaum et al., 2009a, 2011]; 2, [CHRR et al., 2005]; 3, [Liao et al., 2011; CATHALAC, 2012]; 4,
Landslide Early Warning System [MARN, 2013a]; 5, [Mora and Vahrson, 1994; MARN, 2004; SSAI et al.,
2005; Balzer et al., 2010]; 6, [Schilling, 1998a; Major et al., 2001, 2004; Blanco Urritia et al., 2002;
Cepeda et al., 2010]; 7, [Terzis et al., 2006; Anderson et al., 2011; Srinivasan et al., 2012]

It should be clear from the cases described in this review that a significant gap in
our understanding exists between the spatiotemporal trigger (when and where a landslide
may initiate) and the inundation area (the area directly affected by a landslide). The lack
of knowledge of how real-time environmental conditions render specific landslide
inundation hazard zones more or less likely to be inundated with debris weakens decision
makers’  abilities  to  alert  targeted  populations  at  risk.    Today,  landslide  warnings  can  be  
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vague and cover very large geographic areas. Alerts rarely specify individual valleys or
inundation  hazard  zones  as  “imminently  hazardous;;”  rather,  they  may  include  blanket  
statements  such  as  “steep  slopes”  and  “valleys”  in  given  departments.
In terms of environmental monitoring for landslide conditions, DGOA/MARN is
arguably one of the most advanced national environmental observatories in the region,
owing to its experienced staff who can count on a relatively dense network of rain
gauges, high resolution topographic data, and forecasting capabilities. El Salvador may
not seem to be the most obvious beneficiary of remotely sensed rainfall data when
compared other countries that lack timely in situ rainfall data with adequate spatial
coverage. Yet, the focus on El Salvador is justified through the opportunity that
continuous historical rain gauge data provide for testing the performance of instruments
like TRMM and future missions in a disaster monitoring context.
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Figure 2.4 Landslide hazard assessments in the literature updated to highlight the original contributions.
The  light  gray  box  named  “overall  considerations”  spans  the  entire  range  of  temporal  and  spatial  detail  that  
I consider. The medium gray boxes, “landslide  trigger  identification”  and  “debris  inundation  hazard  
analysis”  consist  of  the  bulk  of  Chapters  4  and  5.    My  main  focus  and  contribution  lies  at  the  intersection  of  
landslide trigger identification and debris hazard inundation.

A revision of the available literature and on the state of landslide science and
hazard management in El Salvador allows for the identification of areas lacking attention
(Figure 2.4). By using newly available data from a landslide catalog, I will test a series
of environmental variables, many of which are previously untested in El Salvador. This
will provide better spatial information on landslide probability. A consideration of
precipitation from days to months prior to landslide events may shed light on the
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behavior of antecedent and immediate rainfall before and during landslides in the
country. By delineating new debris inundation hazard zones for shallow landslides
whose initiation points are defined by the above temporal and spatial analysis I
demonstrate how once static methods can be rendered more dynamic. Lastly, I will
provide a quantitative evaluation of the implications for these results in a decision
making context.
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CHAPTER III

BACKGROUND

Central America lies at the junction of a very geologically active area and the path
of intense tropical cyclones. During the eight month rainy season, floods and landslides
are commonplace and natural; however, the magnitude of their impacts on human
populations is closely tied to underlying socioeconomic vulnerability. In this chapter I
describe the relevant background information necessary to understand the geographic,
environmental, and social factors that influence landslides, their assessment, and the
communication of hazard information.

3.1

Geographic area

At roughly 21,000 square kilometers and with 6,100,000 people today, El
Salvador is the smallest but most densely populated country in Central America [CIA,
2013]. It is bordered by Guatemala to the west, Honduras to the north, and the Pacific
Ocean to the south. It is the only country in Central America that does not have a
Caribbean coast. It is divided into fourteen departments, the largest of which is San
Salvador with over 1.5 million inhabitants (Figure 3.1). Refer to Appendix A for maps of
municipal boundaries and roads.
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Figure 3.1 The fourteen departments of El Salvador and their capitals
El Salvador is roughly the size of Massachusetts (prepared using [MARN, 1999])

El Salvador is situated within the Intertropical Convergence Zone (ITCZ). As
such, large quantities of annual rainfall often come in the form of intense and prolonged
episodes. A seven to eight month rainy season exists approximately from May to
December. The frequency of direct impacts from tropical storms and hurricanes may not
be as high in Pacific municipalities of El Salvador in comparison to the Caribbean coast
of Central America (Figure 3.2). Still, storms of much lesser magnitude have been
known to cause severe floods and landslides, such as the 1982 lahar originating from the
San Salvador Volcano and burying part of the capital city and a 2008 small landslide high
in the same channel [Moisa and Romano, 1994; SNET, 2008; Cepeda et al., 2010] and
the 2009 floods and landslides triggered by an unnamed low pressure system [MARN,
2009; CEPAL, 2010; Anderson et al., 2012].
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Figure 3.2 Number of direct tropical storm and hurricane strikes in Central American municipalities from
1851 to 2009
Adapted from [Anderson, 2013] and based on [Jarrell et al., 1992; NHC, 2001; IBTrACS, 2010]

In geological terms, El Salvador is very young. The vast majority of formations
date from the Holocene to Pleistocene epochs, while the oldest reach back to the early
Cretaceous period (Figure 3.3 and Figure 3.4). These mainly include rocks of volcanic
origin that range from rhyolites to basalts [MGA and CEIG, 1971]. Such young, volcanic
formations that are made up of loosely aggregated rocks are generally more prone to
slope failure [Mora and Vahrson, 1994]. Alluvial deposits which are also much less
consolidated typically experience greater erosion rates and landslides (Figure 3.5). One
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noteworthy type of rock  is  “tobas  color  café,”  or  brown  tuffs,  which  are  pyroclastic  and  
epiclastic materials (often ash) near the San Salvador volcano. They are somewhat less
prone to weathering due to their roughness; however, these particular tuffs are not very
suitable for use as aggregates in construction (e.g., asphalt, concrete). Another important
geological  class  is  “tierra  blanca,”  or  white  earth,  which  is a remnant of the catastrophic
Tierra Blanca Joven eruption that is thought to have caused a population crash in
Mesoamerica around 536 AD [Dull et al., 2001]. These are mostly poorly consolidated
pyroclastic and epiclastic rocks that are susceptible to washout during heavy rains and are
very poor foundations for buildings and roads [MGA and CEIG, 1971; Schmidt-Thomé,
1975]. They are common surrounding Lake Ilopango to the east of San Salvador.

Figure 3.3 Approximate ages of geological formations of El Salvador
Derived from [MGA and CEIG, 1971]
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Figure 3.4 Areas of geological formations in El Salvador.
The San Salvador formation includes Holocene to Pleistocene rocks as well as recent alluvial deposits.
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Figure 3.5 The individual geological classes identified in El Salvador and the broader groups listed from
youngest to oldest
Prepared using [MGA and CEIG, 1971]

Owing to its volcanic origins, the country is extremely mountainous with a
younger chain of active and inactive volcanoes running along the southern east-west
transect (Figure 3.6). A more rugged and but slightly older and weathered mountain
range spans the northern east-west transect near the border with Honduras. The highest
point Cerro El Pital is found in this range. In general, flatter terrain runs along the Pacific
coast and in between the southern volcanic chain and northern mountains. Plotting
known landslides on a map of elevation demonstrates the high prevalence of slope failure
in the two mountainous regions. The Rio Lempa basin covers nearly half of El Salvador
and extends into southwestern Honduras and southeastern Guatemala. Several dams
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along this river create reservoirs for hydroelectric power and drinking water. The
remainder of the country can be divided up into about a dozen smaller watersheds (Figure
3.7).

Figure 3.6 El Salvador topography
The two mountainous regions in grays and white can be seen transecting the country, while lower lying
areas near the Rio Lempa are shown in green. Slopes upwards of 70 degrees speckle the steepest regions of
volcanic and mountain ranges (created with data from [CENTA and FAO, 1998]).
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Figure 3.7 El Salvador surface hydrology
The Rio Lempa basin in yellow covers roughly half of the country. All surface water drains to the Pacific
Ocean (created with data from [CENTA and FAO, 1998])

Many of the soils are of volcanic origin, particularly andisols (volcanic ash).
Clays with varying textures cover the majority of the remainder of the country, and
alluvials are seen deposited along the coast and in valleys (Figure 3.8). This simply
reflects variability in the soil-parent material horizon, where geological formations are
indicative of parent materials and the lithology beneath the surface, and soil types convey
superficial properties.
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Figure 3.8 El Salvador soil types
The soils of El Salvador are principally andisols formed of volcanic ash and latosols, which are clayey and
typical of tropical forest environments. Note how the spatial extents of general geological formations in the
upper right hand corner differ from those of the soil types.

Rainfall is close to absent during the dry season that generally lasts from midNovember through mid-March (Figure 3.9). Historically, September is the rainiest
month. It is important to note that this is an averaged perspective of thirty to fifty years
of data, as recent cases of heavy rains from tropical cyclones late in the season have
delayed the start of the dry season and triggered floods and landslides. Disaster managers
anticipate that the end of the rainy season is more prone to landslides because soils have
become saturated from months of near continuous rain.
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Figure 3.9 Monthly rainfall climatology for El Salvador
Data derived from [Hijmans et al., 2005]

Present land cover includes a significant amount of human intervention, mostly in
the conversion of forests to agricultural lands, with different agricultural practices
identified in Figure 3.10. Overall, El Salvador has approximately 10% forest cover
remaining, including deciduous, coniferous and mixed forests. The largest category is
heterogeneous agriculture at about 30% of the country which may have interspersed trees
[CATHALAC, 2011]. Permanent croups can be seen surrounding volcanic flanks across
the southern region of the country.
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Figure 3.10 Land cover for 2010 derived from MODIS images (MOD43 product)
Agriculture and pastures account for roughly half of the land cover in the country, while forests cover
around 10%.

3.2

Time period

The availability of continuous in situ and satellite-derived rainfall data from 1998,
necessitated that I limit the analysis period to 1998 to 2011. During that time numerous
tropical depressions, storms, hurricanes and even unnamed events have triggered
landslides and floods throughout the country. Individual rainfall events affect the
temporal distribution of landslides in the historical catalog, and a general increase in
documented events closer to present is noticeable [MARN, 2013b]. This may be a result
of changing recording practices and greater populations that are more likely to witness a
landslide.
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Among the rainfall induced landslides experienced in El Salvador, the majority
have occurred between October and November. This largely coincides with the end of
the rainy season but not necessarily the wettest months climatologically.

3.3

Environmental and social context

Heavy and prolonged precipitation on exposed slopes whose integrity have been
compromised by unplanned land use practices create conditions for higher frequencies of
landslides and floods [Dai et al., 2002]. Despite understanding that there are risks, cities
are built adjacent to active volcanoes and near flood plains, in the path of lahars, floods
and volcanic eruptions. The majority of the gently sloped, arable lands are owned by the
agroindustry in El Salvador, and subsistence and small-scale farmers resort to terrain
rugged  and  steep,  albeit  fertile  owing  to  the  volcanic  soils.    San  Salvador  is  El  Salvador’s  
largest city, the greater metropolitan area of which is home to over two million
inhabitants,  more  than  a  third  of  the  country’s  population  of  roughly  6,100,000  
[OPAMSS, 2010]. With increasing urbanization has come the pressure of expanding the
city to its limits around San Salvador Volcano and Lake Ilopango.
Like its Central American neighbors, El Salvador has experienced a population
boom, particularly in urban areas (Figure 3.11). While internal and external migration
has resulted in slight declines in rural areas and greater numbers in urban centers, El
Salvador seems to have increases nearly across the board. In the last thirty years, San
Salvador has doubled in area [OPAMSS, 2010].
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Figure 3.11 Estimated changes in population density from 1990 to 2010
Blue areas indicate decreasing population density, while orange and red increasing (based on [CIESIN and
CIAT, 2005])
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Figure 3.12 AMSS and El Salvador populations over time
The AMSS is becoming home to a growing percentage of Salvadorans.

These types of changes in population geography result in the San Salvador
Metropolitan  Area  (AMSS)  being  home  to  a  growing  percentage  of  the  country’s  
inhabitants (Figure 3.12).    Given  the  surrounding  natural  hazards  and  the  city’s  influx  of  
residents, many residents will inevitably end up living in high risk conditions.
On a global scale, Central America has been identified as one of the regions most
affected by climate hazards and extreme weather events [Harmeling, 2010]. Over the last
two decades, neighboring Honduras has been identified as the third most affected country
by extreme weather, after Bangladesh and Myanmar. Nicaragua follows as the fourth
most affected [Harmeling, 2010]. In 2009, El Salvador was named the most affected
country in the world, when the confluence of a low pressure system originating in the
Pacific and Tropical Storm Ida caused floods and landslides [Anderson et al., 2012],
leading to the highest number of deaths relative to population size as well as significant
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economic losses, estimated at nearly 4.3% of the country's GDP. The impacts of
Hurricane Mitch in 1998 exemplified the combination of vulnerable populations and
extreme weather events, this single event accounting for over 80% of all extreme
weather-related deaths and losses in Honduras in between 1990 and 2009 [Harmeling,
2010].

3.4

Decision support context

The most basic tools for decision support related to landslide hazard mitigation
are maps and spatial information. The quality of this information evolves over time as
new datasets become available and understanding of the physical hazard increases. To
contextualize past and current maps, I summarize the counts of where documented
landslide events fell relative to susceptibility classes in Table 3.1. It appears that the
second method has captured the greatest percentage of landslides. The first two were
designed for El Salvador [Mora and Vahrson, 1994; MARN, 2004; Balzer et al., 2010],
while the last covers all of Central America [Coe et al., 2004; SSAI et al., 2005]. Further
testing would need to be done in other countries to have a more representative assessment
of  this  method’s  performance.    This  table  does  not  consider  the  absence  of  landslides,  
which can be just as important in hazard identification but is very difficult to quantify
operationally given available records.
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Table 3.1 Number and percentage of documented landslides that fell in different susceptibility categories
Brief method, Source

Class

Rainfall
triggered only

All events
# (%)

# (%)
Slope-based; considered land
use [DGEA and MAG, 1997;
CENTA and FAO, 1998]

Heuristic macrozonation using
multiple inputs [Mora and
Vahrson, 1994; MARN, 2004;
Balzer et al., 2010]

Slope-based from Mitch as
baseline [Coe et al., 2004;
SSAI et al., 2005]

High

6 (6.7%)

10 (3.3%)

Moderate

11 (12.2%)

24 (7.8%)

Low

11 (12.2%)

93 (30.3%)

Unclassified

62 (68.9%)

180 (58.6%)

Very high

10 (11.1%)

33 (10.7%)

High

50 (55.5%)

184 (60.0%)

Moderate

18 (20%)

60 (19.5%)

Low

12 (13.3%)

30 (9.8%)

Unclassified

0 (0%)

0 (0%)

High

9 (10%)

19 (6.2%)

Medium

3 (3.33%)

26 (8.5%)

Low

8 (8.9%)

23 (7.5%)

Unclassified

70 (77.8%)

239 (77.9%)

Figure 3.13 Landslides plotted over different susceptibility maps for El Salvador
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In addition to the tools described in the literature review, DGOA uses a rainfallinduced landslide early warning system (SAT) that draws data from 29 automatic and 32
conventional rain gauges to plot Thiessen polygons categorized into low, medium and
high susceptibility, based on determined quantities of 15-day, 4-day and 24-hour
accumulated rainfall slopes [SNET, 2006].
These areas in which conditions are favorable for landslides are relayed to the
Civil Protection agency, which in turn communicates pertinent warnings or alerts in the
form of bulletins and broadcasts to the public (Figure 3.14). To complement these daily
assessments, SNET also has at its disposal the Geostationary Operational Environmental
Satellite (GOES) visible and near infrared images, regional weather forecasts provided by
the CATHALAC / SERVIR MM5 product [SERVIR, 2010], and recently an experimental
in-house implementation of the Weather Research Forecast (WRF) model.
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Figure 3.14 DGOA Work flow of current SAT for landslides (as interpreted from [SNET, 2006])
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This thesis focuses on testing the performance of the 1-, 4-, and 15-day rainfall
accumulations for identifying landslide hazards. In the current decision support system
(DSS) setup this is stored in the form of static data that is used to reclassify raw
precipitation values into susceptibility polygons around rain gauges. I expect that by
reassessing landslide response to antecedent and recent rainfall along with other potential
causal factors, the probability of detection (POD) will increase. Another area of work is
improving on the Thiessen polygon model which is currently being used as the spatial
unit of measure. If it can be proven that gridded analysis identifies landslide hazards with
the same skill or better, it is expected that the over-identification of hazard zones can be
minimized. In other words, the false alarm rate (FAR) that results from naming a large
polygon with great hazard (driven by precipitation) is very high because many of the
areas within that polygon are not susceptible for other reasons such as topography or soil
characteristics. By linking the debris inundation hazard zones to the temporally-driven
triggers such as rainfall, it should be possible to hone warning areas to smaller regions.
The POD and FAR are common indicators of the effectiveness of severe weather warning
and watch statements, especially for tornadoes [Simmons and Sutter, 2011]. Moreover,
these straightforward metrics provide forecasters and managers insight into how the
public chooses to react to warnings, such as why they may or may not appropriate the
risk and take action under different scenarios [ibid]. As Figure 3.14 shows, SNET is not
ultimately responsible for communicating official warnings to the public. Lines of
communication between SNET and the Civil Protection agency are therefore crucial. In
order for the public to respond to risk, they need to understand that the hazard exists and
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have the capacity to react or respond to it. They also need to feel that warnings and alerts
are reliable. Achieving higher POD and lower FAR are important measures to boost
confidence in alerts and warnings. To measure this, I will compare the predictive
performance of the results achieved in this thesis with the current DSS.
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CHAPTER IV

CHARACTERIZING LANDSLIDE TRIGGERS

A fundamental input for characterizing landslide triggers in this study was the
catalog  of  historic  landslides  prepared  by  El  Salvador’s  Directorate  General  of  the  
Environmental Observatory (DGOA) within the Ministry of the Environment and Natural
Resources (MARN) [MARN, 2013b]. Specific coordinates and dates provided the
necessary spatial and temporal detail to compare against a series of environmental test
variables that I explain in the ensuing sections. Due to the spatial nature of this analysis I
prepared all of the test variables using Geographic Information Systems (GIS). Unless
otherwise noted, all data are stored  in  El  Salvador’s  preferred  national  coordinate  system,  
which uses a Lambert Conformal Conic (LCC) projection in the North American Datum
1927 (NAD27). Under this system the meter is the horizontal unit of measure. Some
variables – especially global or regional inputs – were originally stored in a Geographic
Coordinate System (GCS) in the World Geodetic System 1984 (WGS84) datum where
degrees serve as the horizontal unit of measure. Even though ArcGIS allows for
simultaneous visualization of datasets in different coordinate systems, it does not allow
for cross-projection spatial analysis. Thus I projected all inputs the LCC system for
spatial analysis.
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4.1

Organization of trigger identification methods

For organizational purposes, I divide the remainder of this chapter into seven
sections, beginning with section 4.2, which explains how the landslide catalog was
prepared. The remaining six sections (4.3-4.8) address the type of environmental features
addressed. Many of the environmental variables that I tested cannot be limited to one
category as they are dependent on a combination of factors, so I group them in one of
their appropriate categories. I take care to acknowledge the defining properties of each
variable so that I can discuss its impact on landslide prevalence in the next chapter. The
first section (4.3) addresses geomorphic characteristics such as elevation, slope, curvature
and aspect. The next (4.4) covers hydrologic variables such as location relative to
streams, hydrologic indices, and watershed-based statistics. The third category (4.5)
reflects the lithology of the area and includes soil and geological properties. Next I
address land cover related attributes (4.6) such as vegetation, land cover change, and
curve numbers. I then test the explanatory power of cultural aspects such as population
density, distance to roads, and certain types of land use classes (4.7). Finally, rainfall
measured by in situ and remote sensing instruments makes up the final category (4.8).
Table 4.1 shows the specific variables, their category and section. If a variable has a
temporal component (e.g., land cover, rainfall) I make note of its frequency or the
specific time slices considered; otherwise, a variable is considered static.
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Table 4.1 Summary of test variables, categories and their organization in this chapter
Category

Symbol

Test variable

Geomorphic

z

Elevation

4.3

Geomorphic

β

Slope

4.3

Geomorphic

ω

Plan curvature

4.3

Geomorphic

φ

Profile curvature

4.3

Geomorphic

χ

Overall curvature

4.3

Geomorphic

Ψ

Aspect

4.3

Hydrologic

ρd

Drainage density

4.4

Hydrologic

w

Topographical Wetness Index

4.4

Hydrologic

Ω

Stream Power Index

4.4

Hydrologic

τ

Stream Transport Index

4.4

Hydrologic

E

Euclidean distance from nearest drainage

4.4

Hydrologic

HAND

Height above nearest drainage

4.4

Lithological

LF

Lithology, geological formations

Lithological

LG

Lithology, geology

4.5
4.5

Lithological

LS

Lithology, SNET classes

4.5

Lithological

HSG

Hydrological soil group

4.5

Lithological

K

Soil texture

4.5

Lithological

Φ  

Soil porosity

4.5

Land cover

LC

Land cover, 1990, 2000, 2010

4.6

Land cover

C

Cover factor, 1990, 2000, 2010

4.6

Land cover

ΔC

Cover factor change, 1990, 2000, 2010

4.6

Cultural

dR

Distance from roads

4.7

Cultural

dA

4.7

Cultural

dP

Distance from agriculture, 1990, 2000, 2010
Distance from populated area, 1990, 2000,
2010

Cultural

ρP

Population density, 1995, 2000, 2005, 2010

4.7

Rainfall

Pg

Daily rain gauge data

4.8

Rainfall

Pgi

Daily rain gauge data, interpolated

4.8

Rainfall

PT

Daily TRMM rainfall

4.8

Rainfall

PTi

Daily TRMM rainfall, interpolated

4.8

Section

4.7

For each category of environmental test variable I first present the inputs and
analysis tools used, including remarks on how I collected or generated the data. Here I
also address the uncertainties in each dataset. I then present the specific approaches and
techniques used to prepare the test variables and conduct the actual testing of landslide
response to the environmental factors. I justify the specific steps I take by explaining
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how they constitute the best approach, given published research and the inputs and tools
available. I also address the assumptions in each method to allow for a candid discussion
of the results and potential sources of error and uncertainty.
Immediately following the explanation of methods I present the results obtained
before continuing to the chapter on debris hazard inundation zones. While I highlight
pertinent results and innovative methods, I limit this chapter to objective comments on
the results and reserve a discussion of the implications for Chapter 6.

4.2

Landslide catalog

Two principal inventories are available for landslides in El Salvador. The first
was created by DGOA/MARN [MARN, 2013b] and includes coordinates and in most
cases exact dates. The other is available through a project called DesInventar, the name
of  which  alludes  to  the  project’s  objectives  to  reverse  the  norm  of  creating and keeping
closed databases. Led by the Seismological Observatory of the Southwest (OSSO)
Corporation, the Social Studies Network in Disaster Prevention in Latin America (La
RED), and the United Nations International Strategy for Disaster Reduction (UNISDR),
DesInventar is a rich, open database to which that DGOA / MARN has contributed
significantly. Unfortunately, it is of limited utility in assessing the causes of landslides
on a slope- or watershed-specific level because the most detailed spatial information
available is at the municipal level with a qualitative description of the general location,
neighborhood or roads affected. Still, this would be a very useful input to assess the
long-term effects of landslides in the country, though such an endeavor is outside the
scope of this thesis.
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The catalog provided to me by DGOA staff and available online includes the
specific coordinates as reported by field surveys and in previous literature. It is for this
reason that I elect to use this catalog over DesInventar. Some three hundred events have
been inventoried and go back as far as 1762. Just over half of the landslides recorded to
date have been triggered seismically, the vast majority occurring in the January and
February 2001 earthquakes. The magnitude of these earthquakes and their impacts along
with improved reporting capabilities may be the reasons for the more thorough
documentation of this recent catastrophe. Rainfall-triggered events have occurred during
the seven month rainy season with the greatest number of slope failures being observed in
October and November. The landslides documented here align temporally with some
forty individual rain events (Figure 4.1).

Figure 4.1 Documented landslides per month and trigger mechanism in El Salvador
The relationship between the temporal frequency of rainfall-induced landslides and the monthly
precipitation is evident in this graph. Most of the seismic-triggered earthquakes documented resulted from
two earthquakes in 2001.
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A translated excerpt of this landslide catalog can be seen in (Table 4.2); the reader
can refer to the entire list of landslide locations and dates from the catalog in Appendix
A. In order to meet the requirements for the assessment at hand, some selection criteria
and slight modifications were necessary. In addition to the attributes shown in Table 4.2
other important data include inspection date, a named source of the landslide (e.g.,
specific hill, volcano, or talud), affected municipality, affected areas (e.g., neighborhoods
or roads), a categorized trigger mechanism (e.g., rainfall, earthquake, volcano,
hydrogeological, unknown), landslide type (e.g., debris flow, shallow slide, fissures, etc.),
the original source of event information (e.g., other report, field visits) and a
bibliographic reference if applicable. It is important to note that coordinates recorded in
the landslide catalog may represent the initial point of a slope failure or the affected area
downhill.
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Table 4.2 Sample entries and attributes in the DGOA/MARN landslide catalog
Trigger
mechanism

Volume
(m3)

Types of
damages

Hurricane
Mitch

---

Houses
and streets
damaged

13.5989444

Seasonal
rains

300,000

1 life lost;
11 houses
completely
destroyed

-88.525049

13.480228

Earthquake

---

Fissures
appeared
in certain
zones

San Miguel

-88.382681

13.461361

Intense rain
that caused
large runoff

---

Unknown

2009
Nov 7

La Libertad

-89.301372

13.670453

Hurricane
Ida / 96E

400

Factory
damaged

2001
Oct ?

Ahuachapán

-89.874517

13.944675

High water
table /
groundwater

---

Crop
losses

ID

Date

Department

Longitude (°)

Latitude (°)

33

1998
Oct 31

Usulután

-88.523333

13.490833

199

2001
Aug 28

San Vicente

-88.8536972

222

2008
Nov 15

Usulután

225

2009
Jun 20

227
281

4.2.1

Selection criteria

First, I selected only rainfall and hydro-geologically triggered events, versus
landslides triggered by volcanic activity or earthquakes. In the original catalog, two of
the most important attributes of the events include a specific date and geographic
location. Because the timing of landslides is a significant aspect of this work, I discarded
events for which dates were not available or discoverable. The next subsection on
catalog modifications explains how I was able to retain some landslide events that
originally lacked records of exact dates. Lastly, I selected only landslides from 1998 to
the present in order to have both rain gauge and Tropical Rainfall Measuring Mission
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(TRMM) data available for all cases. This selection process left 90 landslides from 1998
to 2011.
As another quality control measure, I reviewed the location of each of the 90
landslides by overlaying the points in Google Earth and the Esri ArcGIS Imagery
basemap. Many others have demonstrated the value of high resolution images and
topographical detail that Google Earth provides in developing, testing, and refining
landslide inventories [Sato and Harp, 2009; Van Den Eeckhaut et al., 2010; Power et al.,
2011; Guzzetti et al., 2012]. In El Salvador, Google Earth offers historical imagery
ranging from the 1960s to 2013; however, imagery of sufficient spatial resolution for
these purposes is practically available since 2000 to 2006, depending on the location.
While  Esri’s  imagery  basemap  does  not  currently  provide  an  historical  perspective,  a  few  
cases proved that more recent images were available through Esri than Google. Not all
landslides were visible in the imagery despite a typical resolution of three to five meters
horizontally. This is likely due to events that were either too small to be resolved with
such imagery or because imagery was unavailable close to the slope failure date.
Another limitation is the reliance on visible signs of vegetation removal as an indicator of
landslides. This has the potential to introduce two types of error. Errors of commission
can present themselves when greenness decreases from one date to the next as a result of
activity unrelated to landslides. This may arise from seasonal changes in natural or
agricultural vegetation, any type of deforestation, increase in surface water extent or
clouds. Errors of omission can occur when greenness does not change either because
vegetation was not removed from the surface, due to the small size of the landslide
relative to the image resolution, or because vegetation has already grown back on top of a
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recent slope failure. For these reasons I did not attempt to derive my own landslide
catalog with image analysis alone. It is unreasonable to expect to detect every landslide
event in freely available satellite imagery of the visible spectra. For this and because the
catalog represents the work of a government institution mandated with monitoring
landslide conditions, I did not discard any event on the basis of its visibility in satellite
imagery. At the same time, this data quality exercise highlighted two significant
limitations in employing the DGOA catalog for spatial analysis. First, it was apparent
from the imagery that the geographic coordinates from some catalog entries referenced
the area affected by a landslide, rather than the initiation point. Second, in many of the
more recent cases, the imagery shows that one catalog entry may represent tens or even
hundreds of individual slope failure events. The next section on catalog modifications
explains how I take measures to render this catalog more applicable for identifying
landslide triggers.

4.2.2

Catalog modifications

Since much of the catalog has been compiled within the past two to three years,
some events – especially the older ones – are missing an exact date. Some have an
estimated range of dates, others have a month and year, while yet others only have a year
recorded. Therefore, I attempted to attribute specific dates for those events with at least a
reported month. Supplementary evidence from the catalog such as inspection date,
affected areas, landslide cause, and types of damage, along with historical records mostly
in the form of newspaper articles available online aided this. Historic satellite imagery in
Google Earth also provided a visual check in some cases. I avoided using rainfall records
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to assign landslide dates as a measure to eschew bias in the precipitation test variable.
Besides assigning best estimates for specific dates, I did not modify any of the temporal
attributes in the catalog.
Another challenge is that in many cases, one landslide event as listed in the
catalog may encompass tens or even hundreds of individual landslides. In other cases a
coordinate may show the affected area rather than the trigger point. For the purposes of
testing the response of individual landslide events, it is necessary to have the most precise
information on trigger location, especially since the variables derived from the Digital
Elevation Model (DEM) have a grid spacing of ten meters. By representing multiple
slope failures with one generalized coordinate or incorrectly locating the trigger point, I
would introduce erroneous spatial data into the analysis. Therefore, I used the satellite
imagery available in Google Earth to either nudge a coordinate to its perceived trigger
point or split a coordinate into many individual records (Figure 3.2).
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(a)

(b)

(c)

(d)

Figure 3.2 Views of Cerro Chichicastepec in Apaneca, Ahuachapán, a border department with Guatemala,
for different dates, focusing on a 26 June 2005 debris flow
Plate (a) shows the pre-landslide perspective on 30 Dec 2003. Plates (b) and (c) show the same image of
post-landslide conditions from 4 April 2006. Plate (b) plots the original georeferenced landslide catalog
entry (circled in yellow to help identification in this figure). Several other debris flows are evident. Plate
(c) shows how the individual slope failure points are better represented in this multi-landslide event. By 9
April 2010 in plate (d) we can see how these landslides may have gone unnoticed without the 2006 image
since vegetation has already covered many of the scars [Google Earth, 2013].

This process resulted in a catalog of 760 individual trigger points, as opposed to
the original 90 entries. This should yield an improved attribution of geomorphic and
hydrological characteristics to individual landslides; however I do not use the set of 760
trigger  points  in  the  temporal  testing  of  rainfall’s  influence  on  landslide  occurrence.    
Because the expansion of the landslide catalog was only possible for a few rainfall events
due to available recent satellite imagery, the exclusion of similar analysis for older
landslides would introduce a bias in regression analysis. It is evident throughout this
process that images are not all georeferenced or orthorectified with the same standards.
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Because of this, I return the modified coordinates into ArcMap to overlay them on a
DEM and vectorized roads for reference. As a final check I compared the relative
position of a trigger coordinate to roads, slope and aspect. This ensured that my
modifications in Google Earth are correctly registered with the rest of my test variables
when brought back into an ArcGIS environment. Most of the modifications made in
Google Earth registered without a problem, but some coordinates on steep slopes had to
be adjusted to reflect the same relative position to known roads, the slope and orientation
of the slope. Without this final quality check, I would have attributed incorrect
topographic and hydrological characteristics to these slope failure initiation points.

4.3

Geomorphic characteristics

As discussed in the literature review, many landslide studies are based on
geomorphic characteristics such as elevation and slope. The following subsections deal
with these topographic variables that are traditionally considered in landslide hazard
assessment and mapping.

4.3.1

Inputs and tools

I considered two digital elevation models in this study. The first is a DEM that
was digitized and interpolated from contour lines on topographic sheets developed by the
National Geographic Institute (IGN) of El Salvador during the 1960s through 1980s
[CENTA and FAO, 1998]. MARN has used this DEM as a basis for other environmental
studies, including landslides. The present goal is to test the effectiveness of this DEM in
distinguishing landslide from non-landslide conditions based on the newly available
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landslide catalog. At 10 meter horizontal grid spacing for the entire country, this DEM is
of the highest spatial resolution available in Central America. The level of detail
attainable in this DEM far surpasses that of the Shuttle Radar Topography Mission
(SRTM) and the Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER); however, one significant drawback is the age of this DEM. Even though
elevation is often considered a constant in the fields of meteorology, biology and
conservation,  a  more  dynamic  perspective  of  the  Earth’s  surface  is  required  for  landslide  
studies. Accurately pinpointing the location of a slope failure and its runout relative to
local slope, curvature and aspect, can be challenging when the country’s  lithosphere  is  so  
active. Surface changes that have occurred since the 1960s-1980s are not represented in
this DEM, introducing a potential source of error when dealing with slope-specific
events. The other DEM that I considered was the SRTM dataset at the Central American
level. Because I focused on its use for hydrological purposes, I will return to this source
in the next section. In order to derive the necessary geomorphic variables, I relied on Esri
ArcGIS, specifically the Spatial Analyst extension.

4.3.2

Specific approach

Moore et al. describe methods to calculate slope, aspect and curvature by
applying a second-order central finite-difference scheme on a DEM [1991, 1993]. Under
this scheme the neighboring cells of a central node make up a three-by-three grid of cells
in a network as shown in Figure 3.3.
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Figure 3.3 Topology network
Topology centered on center node (0,0) representing the structure of a DEM (adapted from [Moore et al.,
1993]).

If the grid spacing of this network is λ, i and j are directions shown in the
horizontal plane, and z is the elevation, we can express the following functions of partial
derivatives:
𝑓 =
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Eq. 4.1

To simplify, let:
𝑟 =𝑓 +𝑓 ,

𝑞 =   𝑝 + 1

Eq. 4.2

Considering the elevation, z, at point (0, 0) in Figure 3.3 and the neighboring
nodes, the relationships among the partial derivative functions can be explained using a
central finite-difference series:
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Moore et al. continue to explain how these sets of equations are used to derive the
traditional geomorphic measures from DEMs. The angle of the maximum slope, β,
between once cell and its neighbor is described by:
𝛽 = arctan 𝑟

Eq. 4.4

Aspect, ψ, is the direction of the steepest slope. Refer to Zevenbergen and Thorne
for a more complete description of the derivation of aspect [1987]. Curvature is
equivalent to the second derivative of elevation or the slope of the slope. It can be
measured in the direction perpendicular to the slope, ω, parallel to the slope, φ, and the
combination of the two, χ (Figure 4.4). Refer to Kepr and Moore et al. for a more
complete treatment of deriving plan, profile and overall curvature from DEMs [1969;
1993].
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Figure 4.4 Types of terrain curvature considered
Plan curvature, ω, without profile curvature is shown in the middle horizontal series. Profile curvature, φ,
without plan curvature is shown in the middle vertical series. The remaining are combinations thereof.
(Adapted from [Buckley, 2010]).

The following figures for the results of each of these processes should convey
elevation’s  role in defining each of these geomorphic characteristics. Including
elevation, these terrain characteristics make up the six environmental test variables in the
geomorphic category. In order to the appreciate the geomorphic variables on a scale
appropriate for this manuscript, Figure 4.5 through Figure 4.10 show an approximate 10
km x 10 km window focused on the eroded Guazapa Volcano area northeast of San
Salvador.
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Figure 4.5 Elevation, z
Semitransparent shaded relief added to bring out the topography. Higher elevations in the northwest show
the Guazapa Volcano. The window is approximately 10 km x 10 km in area.
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Figure 4.6 Slope, β
The rugged slopes of Guazapa as well as the steep river banks stand out.
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Figure 4.7 Plan curvature, ω
This refers to the curvature perpendicular to the direction of the slope. Convergence and divergence of
flows are noticeable along valleys and ridges (zoomed in to a ~3 x 3 km window on the southeast flank of
Guazapa). Refer to Figure 4.4 for coloration and idealized shape.
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Figure 4.8 Profile curvature, φ
This is measured parallel to the direction of the slope (zoomed in to a ~3 x 3 km window on the southeast
flank of Guazapa). Refer to Figure 4.4 for coloration and idealized shape.
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Figure 4.9 Curvature, χ
Zoomed in a ~3 x 3 km window on the on a southeastern edge of Guazapa. There are nine classes of
curvature as shown in the legend and Figure 4.4.
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Figure 4.10 Aspect, ψ
This is the direction of the slope. It often has bearings on dominant vegetation types due to sun,
temperature, precipitation and wind conditions.

4.4

Hydrologic characteristics

In addition to the geomorphology that the elevation defines, it is also important to
consider hydrology. Many of these approaches are further applications of the surface
analysis presented in the previous section, while others involve a more complex
integration of numerous datasets. I investigated a number of the traditional hydrologic
variables typical of landslide hazard assessments but also tested hydrologic indicators
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identified from more recent studies on the relationships between hydrology and the land
surface.

4.4.1

Inputs and tools

Many hydrological characteristics can be determined from elevation and surface
analysis. The same DEM used to prepare the geomorphic variables served as the main
input here as well. Yet, in order to capture the full surface hydrology of El Salvador, a
broader perspective is required. Recalling from the Backgroud chapter that the Rio
Lempa watershed spans three countries, it becomes necessary to consider other sources of
information besides the national DEM of El Salvador. Therefore, I used the SRTM
dataset to assist in the preparation of certain variables. Again, ArcGIS was the main tool
for raster analysis, where a special emphasis was on the Hydrology Tools.

4.4.2

Specific approach

The first requirement of hydrologic analysis involving DEMs is a hydrological
conditioning or preprocessing step. Often due to interpolation error or artifacts from
digitizing elevation data into raster format, false sinks or depressions exist in DEMs.
These are problematic when attempting to simulate runoff across the surface of a DEM,
as these depressions have no physical outlet. Thus, techniques have been developed to
remove or fill these sinks. This, and the following steps, to derive flow direction and the
accumulation of surface runoff in grid cells is a staple of spatial hydrology [O’Callaghan  
and Mark, 1984].    The  widely  used  “Fill”  tool  found  in  ArcGIS  Spatial  Analyst  finds  
these false depressions and raises them until they become part of a continuous surface
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with their surrounding cells. This method can lead to large absolute changes in the values
of DEMs and irregular flow paths especially in flat terrain. A newer technique called
“Optimized  Pit  Removal”  provides  a  lower  impact  alternative  that  not  only  raises  false  
depressions but also cuts and fills surrounding artifacts (e.g., false peaks) that might have
created a depression in the first place [Soille, 2004]. Because I was interested in the
debris inundation hazard zone paths, I opted to use this method of hydrologic
conditioning in order to impose the minimum absolute change on the input DEM. For the
process of optimized pit removal, I divided the DEM into thirty-seven hydrological units
of manageable dimensions for the tool. I subsequently mosaicked the resulting filled
DEMs to have a complete, hydrologically-conditioned DEM for the country.
Once the DEM is filled, the remaining hydrologic analysis tools can be employed.
I followed the conventional hydrology analysis process explained in Jenson and
Domingue, and progressed to other indices and measures chosen for their potential
applicability for landslide hazards [1988]. First, flow direction assigned a number to
each cell that indicates to which neighboring cell surface water flows. This was
determined by the greatest height difference between cells, similar to the slope and aspect
tools described in the section 4.3.2. Next, flow accumulation allowed for the counting of
numbers of uphill cells that flow into any given cell. The highest values resulting from
this process represent streams, rivers, or pour points, while the lowest (zero) show the
highest parts of individual watersheds or catchments. From the flow accumulation output
streams were synthesized. Thresholds are based on expert knowledge and can be verified
with vector layers of rivers or background satellite imagery. I tested two thresholds, a
larger one to consider only major rivers and flow channels and a smaller to include
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ephemeral rivers or flow paths that may only have running water during and immediate
after a storm. These thresholds influence the hydrologic indices I describe at the end of
this subsection and play an important role in the final landslide hazard determination. I
finally delineated watershed boundaries for individual river segments. These will serve
as a useful unit of measure for many hydrologic indices. Figure 4.11 through Figure
4.17 illustrate these hydrological processes for the same window over the Guazapa
Volcano.

Figure 4.11 Flow direction
This determines to which neighboring cell surface runoff would flow. This is similar to aspect, but it only
retains eight discrete values that indicate the directions shown in the legend, rather than a continuous range
of degrees.
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Figure 4.12 Flow accumulation
Higher flow accumulation can be seen in the lighter colored cells. In this case, there exist points on this
map to which hundreds of thousands of cells drain.
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Figure 4.13 Streams defined by a flow accumulation threshold of 1000
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Figure 4.14 Streams defined by a flow accumulation threshold of 10,000
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Figure 4.15 Stream orders using the flow accumulation threshold of 1000 contributing cells.
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Figure 4.16 Stream orders using the flow accumulation threshold of 10,000 contributing cells
Note how stream order it relative to the number of steams defined.
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Figure 4.17 Watersheds around each stream segment
This provides an indication of the areas of influence on a detailed level.

In addition, I prepared a series of variables that have been demonstrated in the
past to serve as useful proxies for water and sediment transport. These are based on
elevation’s  demonstrated  role  in  defining  soil  properties  [Moore et al., 1993]. With the
increasing use of GIS and logistic regression in landslide hazards community, some of
these variables are becoming standard inputs for testing the event response. First,
drainage density, ρd, is a watershed-based ratio of the number of grid cells that represent
streams within a watershed to the total number of cells in that watershed. It should be
noted that this is directly influenced by the choice of flow accumulation threshold to
define streams (Figure 4.18). The rationale behind including this was that watersheds of
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low drainage density may be more prone to soil saturation and as a result decreasing
shear resistance and factor of safety [Dietrich et al., 1986; Hong et al., 2007c]. Other
watershed-driven indices included the topographical wetness index, w, stream power
index, Ω, and sediment transport index, τ, which are all dependent upon the size of a
watershed and different measures of slope. Like drainage density, w has also been used
for spatial studies of water content in soils at the landscape level [Moore et al., 1988]. τ
attempts to resolve erosion, while Ω is directly proportionate to stream power. Where As
is the surface area of a watershed β is the slope angle in degrees, m = 0.6, and n = 1.3,
𝑤 = ln  (𝐴 / tan 𝛽),

Ω = 𝐴 tan 𝛽,

𝜏=

𝐴
22.3

sin 𝛽
0.0896

.

Eq. 4.5

These indices assume hydrological steady-state conditions and that As is
proportional to surface runoff [Moore et al., 1993]. While β is readily available from the
previous section I calculated As for each watershed using the Zonal Statistics tools in
ArcGIS. I performed the remainder of the gridded calculations to arrive at Figure 4.19,
Figure 4.20 and Figure 4.21.
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Figure 4.18 Drainage density, ρd, per individual watershed or catchment
This shows the widely varying proportions of channeled surface runoff in a small area.
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Figure 4.19 Topographical wetness index, w
This unitless index expresses the areas more prone to surface saturation. Darker greens indicate greater
wetness.
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Figure 4.20 Stream power index, Ω
This unitless index shows the potential power of a stream, which is usually expressed with discharge.
Steeper slopes lead to greater Ω as gravity takes over.
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Figure 4.21 Sediment transport, τ
This unitless index serves to highlight the areas that are more prone to soil loss. Steeper slopes lead to
greater τ.

A straightforward but often used measure for hydrological and ecological
purposes is distance from drainage routes or streams. This is most often measured in a
Euclidean distance, E, (Figure 4.22). The distance to streams is important for certain
types of landslides, especially rapidly moving landslides such as lahars and moist debris
flows. Slope failure points often occur on a steep part of the valley wall and continue to
flow rapidly through drainage paths [Griswold, 2003]. A less-often used metric of
proximity  to  drainage  routes  is  the  vertical  distance,  also  denoted  “height  above  nearest  
drainage”  or  HAND. This has been demonstrated in classifying wetland ecosystems but

89

has also been suggested for landslide and flood hazard mapping [Rennó et al., 2008;
Nobre et al., 2011]. Yet, to date, a survey of peer-reviewed literature does not reflect a
tested or proven application of HAND for identifying landslide hazards.

Figure 4.22 Euclidean or horizontal distance to drainage, E
Blue indicates that a stream or river is in very close proximity; red the opposite.
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Figure 4.23 Height above nearest drainage, HAND
Notice the differences between Euclidean and vertical distances from rivers.

4.5

Lithological characteristics

As explained in the Background chapter, El Salvador is very young in geological
terms. Volcanic rocks make up the vast majority of the formations and range from
rhyolites to basalts. The youngest formations are alluvium with interspersed
pyroclastites, which are recognized to be the most prone to landslides in El Salvador by
current methods [MARN, 2004; Balzer et al., 2010]. Other pyroclastic rock formations
are typically categorized as the second most prone to landslides [ibid]. I also considered
soil properties such as texture and porosity as causal factors.
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4.5.1

Inputs and tools

National geology and soil datasets served as the main input for defining
lithological variables [MGA and CEIG, 1971; DGEA and MAG, 1997]. Secondary global
soils datasets served to assist in the classification of Salvadoran soils to hydrologic
groups, textures and porosities [Dijkshoorn et al., 2005]. The soils map was digitized at
roughly a 1:200,000 scale by MARN from IGN cartographic sheets from 1995 [MARN,
1998]. National geological data is available at a similar scale and was acquired from
field work conducted by the Geological Mission of Germany and the Center for
Geotechnical Studies and Research between 1967 and 1971 [MGA and CEIG, 1971]. In
comparison to the previous three categories, lithological data was of much coarser spatial
resolution. For the most part, this was a result of the extremely heterogeneous
characteristics of soil and the expensive field sampling methods used to classify and map
soils. ArcGIS vector and raster data management tools provided the means to prepare
this information for testing.

4.5.2

Specific approach

There exist nearly as many approaches to categorizing lithology for landslide
susceptibility as there are papers on the subject. A generally well-accepted method, Mora
and Vahrson proposed a classification system for Costa Rican geological groups [Mora
and Vahrson, 1994]. This provided a starting point but did not include guidance on all of
El  Salvador’s  formations.    In  a  demonstration  of  applying  the  Mora-Vahrson method in
El Salvador, others have grouped Salvadoran geological classes into four categories
based on predominant rock types [MARN, 2004; Balzer et al., 2010], but this may over92

generalize the twenty six classes. I tested lithological categories in three ways: 1) as
grouped by the previously mentioned studies, 2) as individual geological classes shown
in Figure 3.5, and 3) the general groups shown in the same figure. I considered
additional lithological characteristics through factors of hydrological soil groups, HSG,
soil erodibility, K, and porosity, Φ [Renard et al., 1991; NOAA-CSC, 2008a].

4.6

Land cover characteristics

Some approaches to landslide hazard studies consider land cover. The rationale
for  this  ranges  from  the  hydrological  perspective  of  land  cover’s  impact  on  surface  
runoff, infiltration and soil moisture, to the consideration of land cover and land cover
change as anthropogenic triggers to landslides. To test the explanatory power of land
cover and land cover change on landslides, I considered datasets from multiple time
periods.

4.6.1

Inputs and tools

A challenge in working with regional- and national-level land cover maps in
Central America is that data that represent different dates are not comparable due to
different analysis techniques and final classification schemes used. A thorough list of
land cover products pertinent to Central America is available in [Cherrington et al.,
2011]. Global datasets are typically more comparable across decades, but the coarse
resolution, limited number of classes, and the inherent difficulties in calibrating and
validating land cover mapping at the global scale, render products less applicable for

93

small study sites as El Salvador. For these reasons, I selected a land cover product
created by CATHALAC that spans 1980 to 2010 at the decadal frequency and maintains
the same classification system (refer to Figure 4.24). While it is only of moderate spatial
resolution (250 m), the need to apply a more temporally-accurate land cover to each
landslide  is  satisfied  by  this  product’s  consistent  classification  system  that  spans  four  
decades. The 2010 product underwent extensive field validation to arrive at an overall
accuracy of 87.8% [CATHALAC, 2011], which meets or surpasses generally accepted
standards of land cover classification [Anderson et al., 1976; Aranoff, 2005]. Beyond the
direct land cover and land cover change categories, I also consider cover factors, which
represent the ability of land cover to retain soil in the face of erosive processes [Renard et
al., 1991]. I used ArcGIS for the preparation of these datasets.
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Figure 4.24 Cover factor maps for 1990, 2000 and 2010, using a generalized classification system
A more detailed 2010 map using the full classification system (derived with data from [CATHALAC,
2011]).

4.6.2

Specific approach

I considered land cover, LC, as a categorical variable. Land cover data is
available for 1980, 1990, 2000 and 2010, and, due to the fourteen year span of the
landslide event catalog, I attributed a land cover class from the nearest time slice. The
limitation of the input data for 1980, 1990, and 2000, was that only the five general land
cover classes including forest, grassland, agriculture, water and other, were mapped
because historical field validation was impossible. I generalized the 2010 map to match
the less detailed classification system, thereby sacrificing categorical detail in order to
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capture temporal consistency. The  “other”  category  was  the  most  problematic  when  
reassigning cover factors. In El Salvador this category included 16.9% scrub, 22.6%
pasture, 47.5% heterogeneous cropland, and 13.0% annual cropland. Alternatively, I
created a retrofitted version of the 2000 land cover data by assigning the most reasonable
estimate of land cover under the broader classification scheme. This took into
consideration the 2010 class (from a choice of 14) and the 2000 class (from a choice of
5). Classification error arising from this adjustment should be minimal to none because
the 2000 land cover data is pertinent to only 11 out of 90 landslide events, and even fewer
of those experienced a change in land cover between 2000 and 2010.
I derived cover factor, C, directly from land cover classes but represent it as a
continuous variable. Although a unitless value, it has been one of the most important
factors in quantifying soil loss [Renard et al., 1991]). Since unique cover factors were
not available for all of the land cover classes in El Salvador, I applied the best available
conversion factors [NOAA-CSC, 2008a, 2008b].
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Table 4.3 Land cover class names and cover factors

LC class name(s)

C

C, simplified 2010 % cover

Urban areas

0

0

2.69

Mangrove

0.003

0.007

1.81

Water

0

0

2.42

Unclassified

0

0

0.30

Wetlands

0.003

0.007

0.10

Coniferous forest

0.004

0.007

2.62

Mixed forest

0.007

0.007

0.56

Broadleaf forest

0.009

0.007

7.09

Scrub

0.014

0.159

9.60

Pasture

0.05

0.159

12.45

Cropland, annual

0.24

0.159

15.44

Cropland, heterogenous

0.24

0.159

30.65

Cropland, permanent

0.24

0.145

14.12

Bare land

0.7

0.159

0.14

To  consider  changes  in  land  cover  I  calculated  the  difference  in  cover  factor,  ΔC,
between  each  decade.    For  the  “other”  category,  I  used  a  weighted  average  of  these  
classes’  cover  factors  to  attribute  an  overall  cover  factor  of  0.159  for  2010  classes  that
fall  into  the  “other”  category.    Uncertainty  in  the  more  detailed  land  cover  category  
before 2010 may prove to be a source of error. Only if changes in land cover frequently
precede landslides will this factor be a useful explanatory variable.

4.7

Cultural aspects

In order to test the response of landslides to anthropogenic factors, I considered
the proximity of known landslides to different types of land cover classes. Population
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density may also be an explanatory factor for landslides. Because slope failures often
occur near roads, I also calculated distances of landslides from mapped transportation
routes. A potential source of error is related to the bias in documenting landslides closer
to roads where they are more likely to be seen.

4.7.1

Inputs, tools and approach

Road data from both MARN and Open Street Map provided inputs to calculate
the Euclidean distance from roads, dR [PROCAFE, 1995; OpenStreetMap, 2012] (Figure
4.25).

Figure 4.25 Road network of El Salvador and Euclidean distance to roads
Derived with data from [PROCAFE, 1995; OpenStreetMap, 2012]
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I used the land cover data described in section 4.5 to calculate distance from
populated places, dP, and distance from agricultural activity, dA. Since these were
available for 2000 and 2010, I generated distance rasters for both time periods. Global
population density data for 2000, 2005, and 2010 [CIESIN and CIAT, 2005], allowed for
a temporal account of people per square kilometer, ρP. Refer to Chapter 3 for a map of
the change in population density in Central America.

4.8

Rainfall

Landslides occur in El Salvador nearly every rainy season. MARN counts on a
relatively dense network of rain gauges, some twenty to thirty conventional and another
twenty to thirty that report automatically. In this section I tested the efficacy of different
daily to monthly accumulations and interpolation techniques.

4.8.1

Inputs and tools

Due to data recording and communication issues that arise more frequently with
the automatic stations, I was only able to access and analyze data from 22 conventional
stations spread throughout the country Figure 4.26. I obtained daily data from 1998 to
2011 in order to consider the same time period that the Tropical Rainfall Measuring
Mission (TRMM) data is available. The research quality 3B42, version six product,
comprised the TRMM data in this study. Only for data after mid 2010 was the version
seven product used. Versions were determined by data availability at the time of this
analysis. The majority of the rainfall analysis was done in R due to ease of coding and
automating the spatial analysis required for a large number of individual datasets.
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Figure 4.26 Locations of rain gauges and Thiessen polygons drawn around each
Blue dots represent rainfall-triggered landslides, and green dots hydro-geologically triggered landslides.

4.8.2

Specific approach

I considered two sources of rainfall data, each of which I divided into two distinct
variables: Pg was precipitation obtained directly from rain gauges, Pgi was a spatially
interpolated version of Pg, PT was rainfall measured by TRMM at a 0.25 degree grid
spacing, and PTi was interpolated TRMM data.
For each of the ninety landslide events in the study I considered daily rainfall as
far back as 180 days prior to the slope failure. This was an attempt to measure the effect
of antecedent precipitation on landslides since saturated soils in combination with a final
heavy rainstorm are operationally considered as contributing factors for landslides in El
Salvador [SNET, 2006]. Figure 4.27 shows the different rainfall accumulation amounts
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for an average day between 1998 and 2011, and a day in which a landslide occurred. The
distinct means and ranges of rainfall accumulation on landslide days hint that rainfall
may be a good predictor of landslides.

Figure 4.27 Rainfall accumulations for all days and days with landslides
Black bars to the left of each accumulation amount show average rainfall amounts of all days during the
study period. Red bars to the right show much higher mean rainfall and a tighter distribution of rainfall on
landslide days.

Currently the DGOA early warning system (SAT, in Spanish) for landslides relies
on daily rainfall data, but the greatest level of spatial detail are Thiessen or Voronoi
polygons that are drawn around each station. A combination of 1-day, 4-day and 15-day
rainfall based on empirical evidence drives the definition of these polygons as low,
medium or highly susceptible to landslides in the coming day. It may be possible to
achieve a finer level of detail if relationships between precipitation and elevation can be
determined for different regions of El Salvador. Given the available data no significant
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trends were evident on a daily or even monthly period; therefore I do not have the
statistical grounds to apply an elevation-driven interpolation (Appendix A). This may be
determinable with a greater spatial density of rain gauge data. Lacking the knowledge of
a rainfall-topography relationship, I applied a simple spline interpolation, which mimics
isohyets drawn around rainfall observations to arrive at a continuous rainfall surface. An
advantage to this interpolation method over others is that it preserves the original rainfall
values and allows for irregularly-spaced starting points [Akima, 1978]. I used the Akima
package in R to conduct these interpolations. I also interpolated TRMM data, but since
data are stored in regularly spaced grid cells I used a bicubic method [Akima, 1996]. This
also preserved original rainfall values at each original node, much like the spline
technique. All interpolated surfaces were set to 3 kilometer grid spacing. While others
have shown that more advanced geostatistical methods can be applied to rainfall data, the
task of interpolating daily values make approaches such as kriging problematic to apply
to 3182 datasets since they require user-defined inputs pertinent to each individual layer
[Goovaerts, 2000]. Upon finding a relationship between topography and precipitation
that is locally applicable, it may be more appropriate to use more sophisticated
interpolation techniques.
Each of the four precipitation variables was prepared in R, from which I extracted
pertinent rainfall values for the slope failure dates specified in the landslide catalog, plus
each day for 180 days prior. See Appendix B for sample scripts and codes written to
perform these analyses. See Figure 4.28 for an example of daily rainfall as represented
by Pg, Pgi, PT, and PTi.

102

Figure 4.28 Rainfall as plotted by different inputs
Raw gauge data, Pg (top left), interpolated from gauge data, Pgi (top right), raw TRMM, PT (bottom left)
and interpolated TRMM, PTi ( bottom right).

4.9

Results of landslide trigger characterization

I divide the results section into the logistic regression outcomes and the resulting
new landslide susceptibility map. Here I compare the predictive performances of several
logistic regression models against the decision support tools currently available. The
independent variables described in sections 4.3 – 4.8 were spatially queried and attributed
to the response set of known landslide points and a reference set  of  known  “not  
landslide”  points  using  ArcGIS  and  R  extraction  tools.    MYSTAT,  a  student  version  of  
SYSTAT, then served as the statistical analysis platform.

4.9.1

Logistic regression results

Given the landslide catalog available, I used logistic regression to test a series of
environmental variables against the presence and absence of landslides. I considered
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each of the factors described above as an explanatory variable, xn, in terms of its ability to
characterize landslide conditions, with Y was a dummy variable set to 1 if a landslide
occurred (also known as response) and 0 if no landslide occurred (also referred to as the
reference). This can be expressed as a regression model where Cn denotes a coefficient
applied to each variable [SYSTAT, 2007].

𝑌 = 𝐶 + 𝐶 𝑥 +   𝐶 𝑥 + ⋯ +   𝐶 𝑥

Eq. 4.6

If π is the probability that Y = 1 when an independent (explanatory) variable X =
x, then the resulting coefficients can be transformed to arrive at a probability of landslide
occurrence. The result of Eq. 4.6 is unbounded and does not express the probability of
the hazard; thus the logit transformation allows for a π  between 0 and 1, as expressed by
[Chatterjee et al., 2000; Peng and So, 2002]:
𝜋 = 𝑃𝑟𝑜𝑏(𝑌 = 1|𝑋 = 𝑥 , … 𝑋 = 𝑥 ) =

𝑒
1+𝑒

⋯   
⋯   

Eq. 4.7

There are several advantages to logistic regression considering the data available.
For example, variables in this equation need not be continuous. They can be binary or
even categorical [Chatterjee et al., 2000]. Published methods on using logistic regression
for landslide hazard assessment have used both categorical and continuous variables [Dai
and Lee, 2002; Ohlmacher and Davis, 2003; García-Rodríguez et al., 2008; Eeckhaut et
al., 2010; Lee and Oh, 2012]. I tested both approaches to determine the best overall
performance.
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The logistic regression results in a set of estimates or coefficients, Cn, and
standard errors for each explanatory variable. The ratio of each coefficient to its standard
error helps distinguish the variables with explanatory power from those that do not, given
a defined confidence interval. A series of other performance indicators aid in selecting
appropriate logistic regression models. The Akaike information criterion (AIC) measures
the relative quality of the model and favors fewer degrees of freedom over many [Akaike,
1974]. A lower AIC score is preferred. A goodness of fit likelihood ratio test (also
known  as  a  χ2 test) examines the resulting coefficients against the null hypothesis where
the  variables  have  no  relationship  and  are  completely  random.    Critical  χ2 values take into
consideration the number of degrees of freedom in the model and a p-value to determine
whether the null hypothesis can be rejected. I set a minimum confidence interval of 0.95.
In the case of logistic regression, one of the applicable regression coefficients is
McFadden’s  R2. This value ranges from 0 to 1, higher values indicating more significant
results.    It  has  been  shown  that  McFadden’s  R2 values between 0.2 and 0.4 are very
satisfactory [McFadden, 1974; Hensher and Johnson, 1981; SYSTAT, 2007]. This has
been used in other landslide studies [Rupert et al., 2008; Mancini et al., 2010]. Lastly,
the area under the receiver operating characteristic (ROC) curve provides a diagnostic of
the accuracy of the logistic regression test, where 0.5 is worthless and 1 is perfect.
Recalling the description of the landslide catalog in section 4.2, there were 90
slope failure initiation points. Because many of these entries represented dozens to
hundreds of individual slope failure points, an enhanced version of the catalog included
760 of these points. This improvement allows for a more detailed study of the effects of
geomorphic and hydrological factors on landslides. Unfortunately, satellite imagery was
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only available immediately after a few of the landslide events. Because of this, I did not
consider the additional 670 slope failure points in the temporal analysis of rainfall. This
implies that I had 90 known events for which I tested against all variables and 760 known
events for which I used to hone the geomorphic and hydrological tests. I begin by
explaining the results of the logistic regression tests with the set of 90 landslides and end
with the results of using the set of 760.
Of the 90 known landslide initiation points and 90 known landslide-free points, I
selected 60 response and 60 reference data points randomly, leaving a set of 30 response
and 30 reference points for validation. I first tested each potential explanatory variable
individually to understand its predictive performance. A complete list of each variable,
its AIC, p-value,  χ2,  McFadden’s  R2, and area under the ROC curve, is available in
Appendix  A,  sorted  by  McFadden’s  R2. Noteworthy explanatory variables include the
raw rain gauge measurements, Pg of more recent accumulations (e.g., 1-, 4-, 7- and 15day), elevation, z, geological units, LG, land cover, LC, slope β, and height above nearest
drainage, HAND (using a flow accumulation threshold of 10,000 contributing cells to
define drainage paths). Although Pg was the most consistently significant explanatory
variable among the precipitation variables, the interpolated TRMM rainfall, PTi,
interpolated rain gauge, Pgi, and even raw TRMM rainfall, PT, proved to perform better
than many of the land surface variables. Even though many variables performed very
poorly on their own (e.g., τ, CN), it should be kept in mind that the interactions or
combinations of variables may more accurately depict landslide probability.
For this, I then tested combinations of the variables to determine the highest
overall predictive performance with statistically significant results. Before testing all

106

possible combinations, I ensured that there was no correlation among potential
explanatory variables. Many of the test variables were correlated and should not be
combined in a logistic regression model (e.g., sediment transport index, τ, with stream
power index, Ω, and topographic wetness index, w, with slope, β). Correlations among
rainfall accumulations were also present, especially between 1-day and 4-day
accumulations. See Appendix A for complete correlation tables. There were no
correlations observed between any one precipitation and any one land surface variable for
the reference and response points tested.
Upon knowing which variables were statistically feasible to combine, I identified
the combinations that had a high performance rate but also high confidence intervals and
greater potential to perform well under conditions slightly different than the test set of
landslides. One of the highest performing regression model that was also of high
statistical significance included height above nearest drainage using 10,000 cells as a
flow accumulation threshold, HAND10K, land cover, LC, 4-day rainfall from rain gauges,
Pg-4, and 180-day rainfall from rain gauges, Pg-180. This demonstrates a combination of
continuous (HAND10K and Pg) and categorical (LC) variables. I present the resulting
maps and performance statistics of these logistic regression models in section 4.9.2. I
will also explain some caveats to using categorical variables in the next section.
I employed a similar approach for the set of 760 landslides as I used with the set
of 90. Of the 760 known landslide initiation points and 760 known landslide-free points,
I selected at random two-thirds for testing, leaving the remaining third for validation.
The rationale for using this augmented set of known landslides lies in the greater sample
size that I expected would allow for a more precise characterization of landslide
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conditions based on geomorphic and hydrological factors. In fact, the most statistically
significant model included HAND10K and the sediment transport index,  τ. Combining the
model with these two continuous land surface variables with the 4-day and 180-day
precipitation proved to result in the greatest overall predictive performance.

4.9.2

New landslide trigger areas map

The results of the logistic regression allowed for the creation of an updated
landslide probability map based on known historical events. This can be done with or
without a temporal component (i.e., with or without rainfall); however, since landslides
are proven to respond to daily rainfall, depicting the evolution of the hazard both spatially
and temporally is much more applicable for decision makers interested in early warning.
Based on research published by Mancini et al. [2010] I  use  π = 0.5 as a cut off value to
define a successful landslide identification.
As I alluded in the previous section, there are many combinations of variables that
performed well in identifying landslide probability. For example, the combination of
HAND10K , τ, and LC, performed well in characterizing landslide from non-landslide
conditions. This particular combination included topographic and hydrologic factors as
well as vegetation cover (and as a result, human impact). The McFadden R2 is 0.182, an
area under the ROC curve of 0.765, and a predicted success index of 61% (Table 4.4 and
Figure 4.29). The reason I highlight this case is that it interacts well with precipitation
variables to result in an overall better-performing model.
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Table 4.4 Performance of validation points using HAND10K , τ and LC as classifiers.

Predicted
0
Observed

Correctly
classified

1

0

24

14

63.16%

1

8

16

66.67%

Overall

64.52%

Figure 4.29 Landslide susceptibility resulting from the logistic regression model including HAND, τ, and
LC.

Even though LC, when combined with HAND10K and τ, proved to explain
landslide presence and absence to a high degree of performance, the major disadvantage
is that landslide sample data were not available for every land cover class. Thus, a hazard
probability cannot be mapped for the entire country.
Removing LC from the list of explanatory variables and leaving HAND10K and τ
provided an alternative. When combined with precipitation, HAND10K and τ predicted
landslides very well and also allowed for the complete mapping of landslide probability
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throughout the country. The hazard probability of HAND10K and τ alone is shown in
Figure 4.30. Even though the two models may appear similar, major differences were
found in certain land covers classes. Due to the locations of the known landslides
documented in the catalog, in the first model, urban areas and coniferous forests were
mapped as having very high susceptibility to slope failures (regardless of topography),
and landslide probability in mixed forests was not classifiable (Figure 4.29). The second
model was indifferent to land cover categories and provided a continuous hazard surface
(Figure 4.30).

Figure 4.30 Landslide hazard as mapped using HAND10K and τ.
Unlike the previous model that relied on LC, this model offers continuous spatial hazard coverage.

Considering the temporal component of rainfall boosts predictive performance
and model significance. For example, Table 4.5 shows one of the most predictive models
that considered rainfall accumulation. This combination of 4-day and 180-day rainfall
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resulted in a McFadden-R2 of 0.522, an area under the ROC of 0.928, and overall
performance of 78.3%.

Table 4.5 Performance of validation points using only 4-day and 180-day accumulated precipitation as
recorded directly from rain gauges.

Predicted
0
Observed

Correctly
classified

1

0

25

8

75.76%

1

5

22

81.48%

Overall

78.33%

With the sample data available, the combination of 4-day and 180-day
accumulated precipitation proved to resolve the differences in landslide conditions.
Other combinations of rainfall accumulations also captured the daily evolution of
landslide hazards, many of which included 1-day rainfall. Because 1-day, 4-day, 7-day
and even 15-day rainfall are closely correlated (Appendix A), I did not include any
combination of these variables in a regression model. In other words, only one of these
rainfall accumulations can be part of any model. Moreover, if 1-day precipitation is
considered instead of 4-day precipitation, one runs the risk of reducing probable hazard in
the case of zero rainfall on a given day, even if the previous three days experienced heavy
rainfall. According to the landslide catalog, nearly ten landslides occurred on days
without rain. Further investigation into the precipitation records indicated that rainfall
almost always occurred during the days prior. As explained in section 4.2, the exact
dates for some events were unknown, and it is reasonable to expect a one- to two-day
window of error on the slope failure date, especially considering challenges in conducting
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site visits. For these reasons and because 4-day and 180-day precipitation perform well
statistically, this is the precipitation expression of choice.
Slightly better performance among the land surface variables was achieved when
evaluating the set of 760 landslides. Combining HAND10K,  τ,  Pg-4, and Pg-180, resulted in
the  highest  predictive  performance  of  80.8%  and  a  McFadden’s  R2 of 0.78. Prediction
error stemmed more from over-prediction than under-prediction. Even though the raw
rain gauge measurements (mapped with Thiessen polygons) outperformed other
measurements of precipitation, the bicubic interpolation of TRMM (PTi-4 and PTi-180) still
proved  to  detect  70%  of  landslides  with  an  acceptable  McFadden’s  R2 of 0.65.
The final logistic regression equations determined were:

Land surface:

𝑌 =    −1.195084 + 0.004146𝐻𝐴𝑁𝐷

Precipitation:

𝑌 =    −3.683885 + 0.036838𝑃

+ 0.000437𝜏

+ 0.001499𝑃

Eq. 4.8
Eq. 4.9

Both of the equations were transformed using Equation 4.7 in order to arrive at
probabilities, π, ranging from 0 to 1. The final probability was interpreted as the
intersection of the land surface-derived probability and precipitation-derived probability.

4.10

Conclusion

Using the newly available landslide catalog from MARN and daily precipitation
data I am able to demonstrate how it is possible to improve upon existing landslide
hazard information. Enhancements can be made from both the spatial and temporal
perspectives of monitoring the hazard. Even though TRMM data did not prove to be as
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reliable as in situ measurements, I discuss in the Chapter 6 the implications of the insight
gained here for the use of satellite remote sensing for landslide prediction in Central
America. Also, the incorporation of new variables into a gridded hazard map is a new
contribution to landslide hazard understanding in El Salvador. Although height above
nearest drainage, HAND, is an unconventional factor in landslide hazard assessments, it
proved to be a statistically significant predictor of landslide probability given the present
sample data. Moreover, justification of its applicability in landslide hazard models can
be discussed from the physical science point of view. Sediment transport index, τ, and
more detailed land cover, LC, classes also tend to be good descriptors of landslide
susceptibility in this case. With a greater landslide sample size, it may be possible to
more successfully evaluate the relationship of land cover and slope failures in El
Salvador.
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CHAPTER V

DELINEATING DEBRIS INUNDATION ZONES

Chapter 4 dealt with identifying the sources of slope failures. This chapter
addresses the sinks, or the potential debris inundation zones. Recalling from Chapters 13, a gap exists between forecasting the a) timing and location of landslides and b)
potential debris inundation zones. In order to estimate debris inundation zones, landslide
initiation points must be known. Current methods in El Salvador do not use statistical
models to guide this step; rather, in this chapter I explain the approaches used to test the
applicability of the best available topographic data in outlining debris inundation zones
for the two general categories of landslides: large-volume volcanic lahars and smallvolume shallow landslides.

5.1

Initial comments and plan

This chapter is centered on the delineation of debris inundation hazard zones
based on topography, volumes of potential slope failures, and known starting points. As
described in the literature review, Iverson et al. outline the empirical measures and theory
behind objectively delineating these hazard zones [1998]. In previous chapters, I also
highlighted limitations in the current decision making process where static maps showing
the locations of slope failure susceptibility and other maps indicating potential inundation
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zones are not considered jointly. The reason for this is that there is not a mechanism in
place to link the timing of landslide hazards as identified by rainfall, the more specific
potential failure points from detailed hazard maps, and the resulting inundation zones.
Such a lack of linkage influences real-time decision making during imminent disasters as
much as it does longer term land use planning and zoning. Moreover, inundation hazard
zones are typically only estimated for large volcanic lahars and not for the shallow
landslides that occur on a much more frequent basis. Based on these gaps, I focus on
testing whether shallow landslides can be delineated with currently available data,
ultimately creating a more comprehensive decision support system (DSS). The
remainder of this chapter is divided into an explanation of the inputs and tools, the steps
taken to delineate debris inundation zones for two cases, and a presentation of the results.

5.2

Inputs and tools

The data needed to delineate inundation hazard zones are a Digital Elevation
Model (DEM), slope failure initiation points (sometimes referred to as trigger points),
and volumes of debris flows. Immediate challenges in obtaining accurate inputs for
debris inundation hazard zone delineation lie in the accuracy of the original DEM.
Although the DEM currently available for El Salvador is of high spatial resolution, it is
outdated and as a result can represent incorrect topography in flow channels (refer to
Chapter 4 for a more complete description of the DEM). This directly affects the
inundation hazard zone identification. To address this data latency issue, I also
considered the Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) Global DEM (GDEM) version 2, since it is made up of a composite of
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individual ASTER scenes from the 2000s. The potential downside to this input is its
lower spatial resolution of 30 meters.
The main analytical tool used in this chapter was created by the U.S. Geological
Survey (USGS) originally to delineate volcanic lahars [Schilling, 1998a]. This program
called LAHARZ, is written in ArcInfo Workstation Advanced Macro Language (AML),
which is no long being supported by Esri. This poses a serious issue to agencies wishing
to maintain updated software while also being able to use this important tool.
Starting points for landslides were guided by landslide catalog entries, satellite
image interpretation, and the results of the susceptibility mapping in the previous chapter.
As mentioned before, relying on visible and near infrared satellite imagery to identify
failure points can introduce a bias for landslides that have removed vegetation cover,
potentially underrepresenting slower-moving landslides in which vegetation remains on
the surface. Another relevant remote sensing technique not covered in this thesis is
interferometry, which more directly measures changes in slope topography. Data
availability and financial constraints usually limit the application of this type of data in El
Salvador.
The last type of input needed to delineate potential debris inundation hazard zones
was a debris volume for each zone. These were estimated based on previous site studies
of historic lahars. Runout length and surface area are secondary variables that assist in
the validation of specified volumes. For example, the volume of the 1982 El Picacho
debris flow was estimated at roughly 200,000 – 300,000 cubic meters, had a runout
distance of 3.5 to 4 kilometers [Finnson et al., 1996], and covered approximately 60,700
square meters of land [Kiernan and Ledru, 1996]. Lahars originating from San Vicente
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volcano lahars have been simulated from 100,000 to 1,000,000 cubic meters [Major et
al., 2004]. In fact, the 2009 lahars that devastated the towns of Guadalupe and Verapaz
had estimated volumes of 240,000 to 300,000 cubic meters [MARN, 2013b]. In terms of
shallow landslides, very few volumes are provided in the landslide catalog. To provide a
range of potential debris inundation zones that falls within the few documented volumes
of other shallow landslides, I considered volumes of 1000, 3000, 10,000 and 30,000 cubic
meters.
In order to validate the simulations generated through LAHARZ I used observed
debris inundation zones derived from Formosat-2 visible and near infrared imagery. At 2
meter spatial resolution, these images represent some of the most detailed and complete
information available for the study sites. Image processing was carried out in ENVI,
version 5.0.

5.3

Approach to delineating debris inundation zones

Empirical evidence indicates that lahars tend to flow much further from an initial
slope failure point than do shallow landslides. The latter type of landslide typically
covers wider areas relative to their runout length. The relationship between landslide
volume and runout length and width can be expressed by:

Lahars (volcanic),

A = 0.5⋅V 2/3 ; B = 200⋅V 2/3

Eq. 5.1

Shallow landslide (nonvolcanic)

A = 0.1⋅V2/3 ; B = 20⋅V 2/3

Eq. 5.2
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where A is the maximum cross-sectional area inundated, and B is the total
planimetric area inundated, for a given volume, V [Iverson et al., 1998; Griswold and
Iverson, 2008]. Debris inundation hazard zones have already been delineated for most of
the potential volcanic lahars, but many have not been validated against real events. I
therefore focus most of my efforts on this validation as well as in testing the viability of
identifying shallow landslide debris zones with the best available DEM. Even though
they are of much smaller volumes than lahars, tens to hundreds of rainfall-triggered
shallow landslides occur every year in El Salvador. Not all directly affect people,
property, or infrastructure, but it is important to understand their frequency and
magnitude, for disaster mitigation purposes. In the case of the San Vicente volcano, I
revisited past lahars to compare modeled inundation zones to observed extents. I also
considered the many shallow landslides that surrounded Lake Ilopango after the 2009
Low Pressure System 96E and Tropical Storm Ida. For the San Salvador volcano I will
discuss the implications of repeat lahars on surrounding populations and the importance
of up to date topographic data in Chapter 6.

5.3.1

Methods for delineating the San Vicente Volcano lahar

For this delineation and validation study, I focused on one lahar that originated
from the San Vicente Volcano and affected the nearby town of Verapaz between 7 and 8
November 2009 (Figure 5.1). The LAHARZ model required that input DEMs be
hydrologically conditioned and processed, which included filling false depressions,
calculating flow direction, flow accumulation, and delineating streams or flow paths (see
section 4.4.2). It should be noted that for LAHARZ to simulate debris inundation zones,
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flow paths must be determined at or above the debris flow starting points (whether or not
the flow path represents an actual stream).

Verapaz

Figure 5.1 Formosat-2 image and DEM with shaded relief for the San Vicente volcano study site.
The  peak  is  to  the  southeast,  and  town  of  Verapaz  lies  on  the  volcano’s  northern  flanks. Vegetation is red,
and populated places and landslides appear in cyan in the image.

I obtained the individual starting point for this lahar from the landslide catalog
and verified that the landslide hazard prediction work from Chapter 4 agreed with the
documented point. Although LAHARZ allows for multiple volumes of debris flows to be
simulated, the only volume necessary for this trial was 250,000 cubic meters, the quantity
documented in the original landslide inventory. I ran the lahar simulation using both the
10 meter DEM of El Salvador and the ASTER GDEM of 30 meter resolution.
In order to validate the simulated lahar inundation zone, I used a Formosat-2
image taken just days after the lahars on November 13, 2009. Four main steps were
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required to process this imagery: georeferencing, atmospheric correction, vegetation
identification, and post-processing.
Due to the expedited delivery format of this satellite image, further
georeferencing and orthorectification were necessary in order to situate the image
correctly with respect to local topography and built features. I used a combination of
reference data to achieve this. First, the original 10 meter DEM served as a guide for
topographic referencing along the ridges, valleys and cone of the volcano. Second, the
ArcGIS Imagery basemap (of various dates, ranging from 2002 to 2011) allowed for
control points to along roads, buildings and farms on the more gently sloping area. A
total of 41 control points, a dense set of 26 of which were based off the DEM in the more
rugged terrain, and an additional 15 of which were based off the imagery, guided a spline
transformation. This allowed for a more exact representation of the intricate ridges and
valleys along the volcanic flanks, at the same time ensuring that roads, buildings, and
other features align correctly. Because a spline transformation can lead to extreme
warping beyond the control points, I masked a subset of roughly 40 km2 only where
control points existed.
The approach used to distinguish a lahar inundation zone is based on the
distinction of vegetated and non-vegetated areas in and around a valley. A Normalized
Difference Vegetation Index (NDVI) was adequate enough to make such a distinction.
First, an internal average reflectance (IAR) atmospheric correction was used as a
preprocessing step to effectively convert radiance data to reflectance [Exelis, 2013].
Then, I used the near infrared channel (B4) and red channel (B3), to calculate NDVI:
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𝑁𝐷𝑉𝐼 =

𝐵 −𝐵
𝐵 +𝐵

Eq. 5.3

where NDVI ranges from -1 to 1, the higher values indicating greater
photosynthetic activity [Van de Griend and Owe, 1993]. Lower values can be interpreted
as areas with little or no vegetation such as bare soil, populated areas, water, shadow or
cloud. I compared NDVI values with the original imagery to make the distinction
between lahar and the surrounding vegetated areas. Retaining cells with NDVI values of
0.3 and lower left the lahar plus other areas without vegetation in the entire image subset.
Post-processing involved masking the resulting pixels to only those adjacent to the valley
and affected town. Parts of the town of Verapaz that were classified with low NDVI
were retained in this lahar observation, based on ground knowledge that debris flowed
through  many  of  the  streets  and  beyond  the  town’s  inhabited  area.    The  resulting  lahar  
observation generally agrees in runout length and shape with official estimates mapped in
a post disaster damage assessment [Government of El Salvador, 2009; CEPAL, 2010].

5.3.2

Methods for delineating the Lake Ilopango shallow landslides

A very similar approach was taken for delineating shallow landslides in the region
surrounding the northwestern section of Lake Ilopango (Figure 5.2).
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Lake
Ilopango

Figure 5.2 Formosat-2 image and DEM with shaded relief for the Lake Ilopango volcano study site.
The populated areas (cyan and gray in the image) in the northwest form part of the San Salvador
Metropolitan Area. The lowest elevations, around 400 meters, indicate the location of Lake Ilopango in the
southeast.

One of the main differences was that instead of using only one initiation point I selected
147 landslide trigger points based on the catalog enhancements described in section 4.2.2.
Again, I compared these with the new hazard map created from the logistic regression
model to verify that they fell within probable landslide areas. Because these were much
smaller landslides, I used volumes of 1000, 3000, 10,000 and 30,000 cubic meters to
simulate a range of possible inundation areas (Figure 5.3). I then applied the same
georeferencing, atmospheric correction, vegetation index and post-processing methods
from section 5.3.1 in order to obtain landslide extents from a Formosat-2 image.
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Figure 5.3 The 147 shallow landslide initiation points selected for the LAHARZ simulations around the
northwestern edge of Lake Ilopango
The red and orange areas indicate high probability of landslide as classified in Chapter 4. Yellow and
green indicate low probability.

5.4

Results of debris inundation zone delineation

I present the results of this chapter in terms of how well the LAHARZ-derived
debris inundation zones matched the observations obtained from Formosat-2 image
interpretation. Using the same metrics that Cepeda et al. employed for the San Salvador
lahar [2010] allows for a quantitative assessment of areas which were correctly and
incorrectly identified.
I measured the surface areas for both the simulated and observed lahar and
shallow landslides and calculated the area of agreement (true positives and true
negatives) and the areas of disagreement. Disagreement was either due to false positives
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(simulating a debris inundation zone in an area that was not in fact affected) or false
negatives (missing the actual inundation zone). False negatives, where debris were
observed but not simulated, can also be considered error of omission. Conversely, false
positives, where debris were simulated but not observed, can be considered error of
commission. Table 5.1 shows the matrix of possible results, the last row of which shows
the  total  positives,  ΣP,  and  negatives,  ΣN, as calculated from the observed data.

Table 5.1 Description of how simulated vs. observed debris inundation zones are classified to determine
overall accuracy

Observed (Formosat-2)

Simulated
(LAHARZ)

Positive

Negative

Yes

True Positive, TP

False Positive, FP

No

False Negative, FN

True Negative, TN

Positives,  ΣP

Negatives,  ΣN

Σ  

The final metrics of success in this approach are expressed by a true positive rate,
TPR, and a false positive rate, FPR:

𝑇𝑃𝑅 =

𝑇𝑃
Σ𝑃

Eq. 5.4

𝐹𝑃𝑅 =

𝐹𝑃
ΣN

Eq. 5.5

A perfect simulation would yield a TPR of 1 and an FPR of 0. Following the
approach published by Cepeda et al. [2010], I used a one-pixel (10 meter) buffer around
the observed and simulated area served as the limits to measure true negatives.
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5.4.1

San Vicente Volcano lahar

Figure 5.4 shows the resulting observations derived from Formosat-2 imagery and
simulations generated with LAHARZ, for the lahar that originated from the San Vicente
Volcano and affected the town of Verapaz.

Figure 5.4 Observed and simulated debris inundation zones overlain for San Vicente
Black areas show where both agreed. Green show false positives (error of commission) and magenta false
negatives (error of omission).
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Table 5.2 shows the areas of these values with the true and false positives and
negatives. A TPR of 0.41 and an FPR of 0.60 resulted, indicating that most of the error
was due to over-classification of hazard zones (green in Figure 5.4).

Table 5.2 Accuracy assessment of LAHARZ simulation for Verapaz, San Vicente

Observed (Formosat-2)

Simulated
(LAHARZ)

Positive (m2)

Negative (m2)

Yes (m2)

200,264

594,036

No (m2)

292,329

400,635

492,593

994,671

Σ  

The majority of the under-classification (magenta in Figure 5.4) occurs in most of
the town of Verapaz. It is important to note that the western edge of this town had been
previously identified as in the path of a potential lahar, but not the entire town. The
November 2009 lahar actually diverged once it reached Verapaz, some of the debris
following the projected path, and the rest flowing through the town and eventually into a
stream to the north of the town.
The ASTER GDEM of 30 meter resolution resulted in a much less accurate
simulation of real conditions (Figure 5.5). Because this DEM did not correctly resolve
the valley or flow path that runs adjacent to Verapaz, the debris inundation zone
completely missed the populated area. It should be noted that the flow paths near the
peak of the volcano were also not well-resolved (using the same initiation point would
have caused the lahar to flow toward directly north instead of northwest). Therefore, I
adjusted the initiation point to ensure that the lahar at least followed the correct channel
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initially. I also had to increase the debris volume from 250,000 to 1,000,000 cubic
meters. Hubbard et al. address this issue in terms of the impact of the spatial resolution
of the input DEM on the resulting flow path, finding that DEMs of larger grid spacing
tend to underestimate runout length and overestimate width [2007]. This difference in
magnitude can have significant implications on disaster risk management. I discuss this
further in the next chapter.

Figure 5.5 Observed and simulated debris inundation zones for the San Vicente lahar that affected
Verapaz, including the ASTER-derived zones.
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5.4.2

Lake Ilopango shallow landslides

The small sizes of these shallow landslides did not lend themselves to accurate
debris hazard zone delineation with the 10 meter DEM (Figure 5.6). Because LAHARZ
also requires that landslide starting points be immediately adjacent to or in a drainage
path, the many slope failures that initiated along ridges (i.e., flow accumulation of zero)
did not end up in the final simulations.

Figure 5.6 Observed and simulated debris inundation zones for the northwestern rim of Lake Ilopango

The mean surface area of the observed shallow landslide was 295 m2, equating to
roughly 73 Formosat-2 pixels but only three pixels of the DEM. It is unreasonable to
expect that a landslide inundation area be resolved in three pixels. Because the
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inundation zones of these shallow landslides could not be simulated accurately with the
10 meter DEM, it was not reasonable to test the 30 meter ASTER GDEM.

5.5

Conclusion

With the best available topographic data, I have demonstrated landslide
inundation zone delineation for two types of landslides including long runout lahars and
small, shallow landslides. Relying on high resolution visible and near-infrared satellite
imagery to serve as a validation dataset, I was able to simulate one of the San Vicente
lahars with only a 41% true positive rate and 60% false positive rate. The spatial
resolution of the DEM was inadequate to resolve the small volume, shallow landslides
that surrounded Lake Ilopango in late 2009.
Prior debris inundation zone delineation involved a subjective decision of where
to locate landslide trigger points. This represents a first attempt to systematically identify
trigger points (described in Chapter 4), to drive the landslide inundation hazard zone
delineation. In the next chapter I will focus on a discussion of the results and their
implications for decision support.
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CHAPTER VI

DISCUSSION

In the first three chapters I described the state of knowledge on landslide hazards
and decision support systems in El Salvador, highlighting the gap between the temporal
and spatial aspects as well as the disconnect between considering the sources and sinks of
landslides. I then presented methods to better monitor and map the probability of slope
failures as well as the results of those efforts. I will now provide a review and
interpretation of the main results in order to answer the research questions originally
posed.

6.1

Introduction and plan

I frame the majority of this discussion in the context of decision support and
disaster management, while addressing the research questions posed in the first chapter.
In summary, the overall aim of this thesis was to bridge the gap between static landslide
hazard information and the dynamic environmental conditions that trigger landslides.
The primary goal was to improve real-time rainfall-induced landslide hazard assessments,
thereby enabling decision makers to provide more timely and accurate warnings on
landslides. To address this goal I tested a variety of environmental conditions to identify
causal factors of landslides. The first specific objective was to test a series of
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geomorphic, hydrological, lithological, meteorological cultural factors against known
landslides. The second was to delineate debris inundation hazard zones for volcanic
lahars and shallow landslides. The final objective is to contextualize the results of these
efforts in the context of disaster management and decision support systems (DSS). In
this chapter I will examine whether, and explain how, these efforts would have provided
additional information in the past, and finally discuss the implications for more robust
decision support systems in the future.
In section 6.2 I provide a review and interpretation of the results of the landslide
trigger characterization and the debris inundation zone delineation. During this
discussion I keep in mind the uncertainties surrounding the inputs and methods used. In
section 6.3 I contextualize the results within DSS in El Salvador. Finally, in section 6.4 I
provide concluding remarks on the discussion and underscore the central contribution of
this thesis. The results of this thesis give rise to further research, which I will address in
the final chapter.

6.2

Review and interpretation of main results

The first result of the landslide trigger characterization was a modification of the
original landslide inventory provided by DGOA. It was visually evident in satellite
imagery that many of the landslide events recorded as single entries were in fact
composed of tens to hundreds of individual landslides. The outcome was an expansion of
the catalog from 90 rainfall-induced landslides to 760 specific landslide instances. The
next result was the determination that height above nearest drainage, HAND, sediment
transport index, τ, rain gauge derived 4-day accumulated rainfall, Pg-4, and 180-day
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accumulated rainfall, Pg-180, combined to produce the most effective regression model to
predict landslides temporally and spatially. An increase from roughly 73% to 81%
predictive performance was observed. The outcome of this was a new suggested
landslide hazard mapping method taking into account these factors.
Although slope is often included as a significant factor in landslide hazard maps,
it did not perform well in the logistic regression. This is possibly due to uncertainty in
the location of exact trigger points of landslide events as documented in the catalog.
Initiation points may have inadvertently been located at the deposition zone below or
higher above the failure point where the slope plateaus. Another possible explanation for
slope’s  lack  of  predictive  performance  is  error  inherent  in  the  DEM, because of either its
spatial or temporal limitations. In the end, slope was not omitted completely from the
final hazard map because it was included in the calculation of the sediment transport
index, τ, where steeper slopes lead to greater τ.
The conversion of continuous variables to discrete categories is a common
technique applied to landslide hazard assessments. When it came to categorical
variables, geomorphic variables performed well, but other factors proved unstable. With
respect to the lithological variables, there were not enough reference or response samples
in all of the classes to test their contribution to slope instability. Even though it was
possible to distinguish a few classes as more or less landslide prone, this could not be
done for all of the classes, and it would be unreasonable to leave a final susceptibility
map blank in these untestable lithological groups when there are other explanatory
variables that perform well enough.
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It is intriguing to have discovered that the height above nearest drainage, HAND,
when combined with τ and rainfall, offered the most accurate characterization of
landslide conditions. Others have suggested that HAND be applied to landslide hazard
studies [Nobre et al., 2011], but at the time of writing this thesis no demonstrations are
available in the scientific literature. I would attribute the success of HAND in identifying
landslide trigger areas to its ability to distinguish steep valley slopes around streams or
flow paths.
As anticipated, precipitation was a very important factor in characterizing
landslide conditions. I determined that a combination of 4-day and 180-day accumulated
rainfall predicted these conditions with the greatest statistical significance. Despite
testing interpolations of rain-gauge measured and satellite-based rainfall, the raw rain
gauge measurements performed the best (81% predictive performance). Still, a bicubic
interpolation of TRMM (PTi-4, and PTi-180) performed with 70% success in distinguishing
landslide from non-landslide conditions. From an operational standpoint, I would note
that the R statistical package provided much more efficient interpolation and sampling
procedures than ArcGIS. Despite reviewing the ArcGIS and R documentation to ensure
that the same interpolation techniques were applied, ArcGIS sometimes left unexpected
dips in interpolated surfaces that would have introduced unreasonable rainfall amounts
between rain gauges.
The interpolations used were simple splines, unaided by a rainfall-elevation
relationship or fusion of an auxiliary rainfall product. Had a denser network of rain
gauges with continuous daily and hourly been available, it may have been possible to
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determine a regression equation to perform a more sophisticated interpolation guided by
topography’s  influence  on  local  rain  patterns.
The debris inundation hazard zone delineation efforts focused on validating
simulations against observations and testing the viability of available DEMs in
effectively mapping these hazards. For a lahar that originated on the San Vicente
Volcano and affected part of the town of Verapaz, I obtained a true positive rate of 41%
and a false positive rate of 61%. The errors are likely due to the spatial resolution of the
DEM and its age. Created from topographic sheets from the 1970s and 1980s, natural
and human-made modifications to topography alter the potential courses of lahars and
other types of landslides. The DEM proved to be of insufficient spatial resolution to
resolve the smaller shallow landslides that surrounded Lake Ilopango in the November
2009 disaster. An assessment of the minimum resolution needed to delineate debris
inundation hazard zones to a given accuracy and degree of confidence was not addressed
in this thesis. Further research would be needed to determine this resolution requirement.
Since the 10 meter DEM did indicate that the town of Verapaz was partially in a lahar
path, I would expect  that  a  new  DEM  representing  today’s  topography  (versus  that  of  
pre-1970s-1980s) would result in different potential lahar inundation zones. Even though
the 30 meter ASTER GDEM proved to inaccurately represent a lahar flow path on San
Vicente, the results of this analysis did not indicate a critical spatial resolution required of
a DEM to accurately map lahar or shallow landslide inundation zones. This illustrates
the importance of the spatial resolution and timeliness of topographic data.
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6.3

Improving Decision Support Systems

The results of this research have direct application to improving DSS in El
Salvador. The Directorate General of the Environmental Observatory (DGOA) within
the Ministry of the Environment and Natural Resources (MARN) has demonstrated the
utility of satellite-based and GIS data for decision making during and after floods and
landslides in numerous cases (e.g., [Anderson et al., 2012]). I approach this discussion
by explaining how the analysis and modeling results can be incorporated into the current
DSS. I also compare these outputs to tools currently referenced in the DSS for a number
of specific cases in the past.

6.3.1

Comparing the logistic regression results to other tools

Considering the timing and location of landslide hazards, two distinct inputs are
currently referenced in the DGOA DSS: 1) a static map of susceptibility to slope failure
[MARN, 2004], and 2) an early warning system (SAT) based on 1-day, 4-day and 15-day
rain gauge readings [MARN, 2013a]. The efforts described in Chapter 4 allow for a more
unified approach to addressing landslide hazards on a spatial and temporal scale. Table
6.1 shows the observed performance of the two inputs that DGOA relies on currently,
plus different versions of the logistic regression outputs.
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Table 6.1 Overall and event-based performance of existing tools and different versions of the logistic
regression (LR) model
Currently used by DGOA

Event, month, year

Static slope
stability map

Daily SAT

Developed in this thesis
LR (spatial
focus):
HAND + τ  

LR (temporal
focus):
Pg-4 + Pg-180

LR (spatial
and temporal):
HAND + τ  +  
Pg-4 + Pg-180

Mitch, Oct 1998

100%

60%

80%

100%

100%

Stan, Sep 2005

50%

100%

50%

100%

100%

Ida+86E, Nov 2009

74.3%

54.3%

80%

100%

100%

TD 12E, Oct 2011

25%

100%

42%

100%

100%

66.7%

55.6%

65%

78%

81%

Overall

For the sample of landslides considered in this thesis, the current DGOA SAT that
considers 1-day, 4-day and 15-day rainfall, performs at roughly a 56% overall success.
The static slope stability map has performed at roughly 67% success to date. These
compare with an 81% prediction success in the current study. The combination of
HAND, τ,  Pg-4 and Pg-180, resulted the greatest predictive ability of all of the variables
considered in this thesis.
It is important to note that the performance of the current daily SAT depicted in
Table 6. only considers data from the 22 rain gauges analyzed in this study. There are
some 60 rain gauges in total; however, the challenge is ensuring that continuous and
timely data is available from the automated stations when inclement weather hinders data
collection and telemetry. Including more rain gauges in the SAT should result in
accuracy greater than the 56% determined here. In a similar vein, their inclusion in the
logistic regression tests should yield an even better performing model than proposed in
Chapter 4.
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6.3.2

Discussion of debris inundation hazard zone delineation

The other component of landslide hazard mapping involves the debris inundation
hazard zones. As mentioned before, only static maps lahars for selected volcanos exist,
and little to no validation against real events has yet been carried out [Major et al., 2001,
2004]. Using LAHARZ, I demonstrated that it is not feasible with a 10 meter resolution
DEM to simulate the many potential shallow debris flows that occur nearly every rainy
season. Because a significant improvement was observed between the 30 meter ASTER
GDEM and the 10 meter DEM for a lahar on the San Vicente Volcano, it is conceivable
that a higher resolution DEM would be successful in resolving the small-volume shallow
landslides.
From an operational standpoint, running LAHARZ in real time using the dynamic
landslide trigger method to define starting points would not be the most efficient
approach. Processing time for delineating debris inundation hazard zones could render
any potential warnings untimely and therefore not useful. Instead, all possible debris
inundation hazard zones should be mapped in advance, and the dynamic trigger
identification system should serve to highlight or select the appropriate zones. For
example, on an Intel Core2Duo CPU E7500 @ 2.93 GHz processor with 4 GB memory
running Windows 7 64-bit, delineating 476 inundation zones at volumes of 1000, 3000,
10,000 and 30,000 m3 took approximately 30 hours of processing time. By then new
rainfall input would be available, and the inundation hazard zone delineation would have
to start all over again. This is a one-time process that should only need to be updated
with changing topography or improved topographic data. A trigger mechanism defined
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by a probability threshold could act to distinguish the specific hazard zones that present
an immediate threat from those that do not.
A new feature of LAHARZ allows for the delineation of shallow landslide
inundation zones as well as lahars. For these smaller events it is often necessary to
decrease the flow accumulation threshold to a value that is much lower than would be
used to synthesize streams. This is may be due to differences in location of shallow
landslide trigger points generally along a slope and lahars’  initiation  points  typically  
being immediately adjacent to ravines. If the stream threshold is not adjusted, the
program will not generate an inundation zone where there is not a stream nearby. In
some cases where shallow landslides initiate along ridges, it may not be possible to
accurately simulate an inundation zone from the real starting point.
Returning to the case first presented in the Introduction, I will discuss the
implications of the debris inundation hazard zone simulation on population exposure by
exploring a repeat scenario of 1982 El Picacho lahar under 2010 conditions.
In 2008, heavy rains in San Salvador triggered a small landslide near the same
initiation point as the 1982 lahar. Field surveyors reported an estimated 3240 cubic
meters in volume and 180 to 240 meters in runout, covering approximately 5400 meters
squared of the steep valley slope [SNET, 2008]. Compared to the 1982 event, this
landslide was very shallow, with only 1.5 to 2 meters of earth having broken away from
the source area. If another debris flow originated from the top of El Picacho and ran
through Las Lajas valley, a significantly higher amount of damages and fatalities would
occur. Both census data and satellite images indicate that the population of the San
Salvador metropolitan area is growing, often in disregard to the risk of natural
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catastrophes. In this subsection, I present and discuss the implications of a repeat
landslide  of  the  same  volume  and  extent,  this  time  inundating  today’s  population  in  the  
Mejicanos municipality.
Using the methods described in Chapter 5, I defined the source of such a debris
flow and designated a volume of 300,000 cubic meters. Figure 6.1 depicts the areas that
would be covered, starting high up in Las Lajas valley and flowing eastward and
downhill toward the city. Since this area has spread significantly since 1980, many other
zones in the city may become inaccessible as debris could block or destroy lines of
transportation. Conversely, the denser network of transportation today could offer
alternate routes if roads in this area inaccessible. Surely, the greater presence of
infrastructure that would be lost or damaged would result in much higher reconstruction
costs.
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Figure 6.1 Repeat scenario of the 1982 El Picacho debris flow under 2010 population conditions.
Light yellow/green areas show the 1980 populated areas, and light pink show the growth by 2011.

Population changes for different areas of the city can be estimated by considering
population density maps for various time periods. The level of detail of the CIESIN and
CIAT [2005] population density estimates shown in Figure 3.11 allow for more detailed
population change estimates within the Mejicanos municipality. I divided the
municipality into three sections: upper, middle and lower. The upper section is less
populated and includes the peak itself, while the middle and lower sections have
experienced the greatest increase in population density. From there, I attributed
proportional debris flows inundation areas to each section and estimated the population
directly affected (i.e., killed or injured if inside affected area) and otherwise affected
(e.g., stranded). Table 6.2 details these rough extrapolations for the repeat scenario
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today, based on damages experienced in 1982. Given the limited availability of spatial
population data, I considered 1990 and 2010 population estimates.

Table 6.2 Estimated number of people directly affected by a repeat  debris  flow  scenario  under  today’s  
population conditions and based on 1982 physical parameters

Section

Year

Population
density
(people/km2)

Persons
directly
affected

Persons affected
(8 per person
directly affected)

1990

1609

16

125

23

182

562

4496

912

7297

0

0

0

0

1990

578

4622

2010

935

7479

Upper
2010

2344

1990

6439

Middle

Proportion of
lahar inundation
area

Area of lahar
inundation area
(% of 0.097 km2)

10%

0.0097

90%
2010

10448

1990

5694

Lower

0.0873

0%
2010

0

10549

TOTAL

Under these simulated conditions, over 60% more people would be directly
affected by a repeat debris inundation, solely due to their presence in the hazard zone.
The potential number of buildings or homes destroyed would be much more difficult to
estimate, due to the lack of knowledge of how the population growing. To provide a very
crude estimate, if 120 homes were affected in 1982, an increase of 60% would result in
over 190 homes affected today.

6.4

Conclusion

The characterization of landslide trigger points in Chapter 4 using logistic
regression represents a significant improvement in the predictive performance when
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compared to existing decision support tools. The debris inundation hazard zone
delineation results indicate that the 10 meter DEM is not adequate to identify areas
potentially threatened by shallow landslides. This work provides a unique contribution in
the combination of spatial and temporal data in order to more effectively map and
monitor landslide hazard conditions. Early warning efforts as well as land use planning
and zoning regulations could benefit from this improved predictive ability. Uncertainties
in the DEM stemming from its latency and spatial resolution give cause for further
research and analysis to adequately delineate the areas threatened by debris inundation.
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CHAPTER VII

SUMMARY AND CONCLUSION

A review of the state of knowledge on landslide hazard assessment and decision
support tools currently available to decision makers in El Salvador gives rise to the
objectives I addressed in this thesis. Hazard assessments range in spatial and temporal
scale, each offering a different perspective on the physical phenomenon and the people
and assets at risk. For the case of DGOA, a static map of slope failure hazards provides
great spatial detail on the potential initiation points of landslides but lacks any temporal
component. On the other end of the spectrum, an early warning system (SAT) for
rainfall-induced landslides allows for a daily evaluation of potential hazards but is not of
great spatial detail. The third type of information DGOA relies on for landslide hazard
assessment is another set of static maps that represent the potential debris inundation
zones. These exist for lahars originating from certain volcanoes but not for the thousands
of smaller, shallow landslides that occur nearly every year.

7.1

Plan for this chapter

In this final chapter I will provide an overall summary of the thesis, highlighting
key results and contributions to the landslide hazard and disaster management
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communities in El Salvador. I will also provide recommendations for future work that
were inspired by the development of this thesis.

7.2

Brief summary of thesis

Rainfall-induced  landslides  pose  a  persistent  threat  to  El  Salvador’s  population,  
economy, and environment. Government officials such as those from DGOA/MARN
share responsibility in managing these hazards by alerting populations when and where
landslides occur. They also provide critical information for the development of proper
land use and zoning practices. This thesis addressed gaps in current knowledge between
identifying the precise location and timing of slope failures and the delineation of
potential debris inundation areas. I have demonstrated improvements on existing hazard
maps through the consideration of a series of geomorphic, hydrological, lithological,
meteorological, and cultural variables to determine the model that best predicts landslide
conditions and distinguishes hazard-prone from less hazard-prone areas. I achieved this
through spatial and temporal analysis techniques using Geographic Information Systems
and remote sensing. The final output is a more dynamic representation of landslide
hazards that is sensitive to both daily changes in rainfall and fine-scale topography and
hydrology. A comparison with all available data indicates an increase in predictive
performance from roughly 60% to 81%, with a tendency toward over-prediction. From
the disaster preparedness point of view, I have established that this improved hazard
monitoring approach could have led to more successful identification of landslide
conditions in past events such as Hurricane Mitch in 1998, Hurricane Stan in 2005, the
low pressure system 86E and Tropical Storm Ida in 2009, and Tropical Depression 12E
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in 2011. Assuming effective communication between the Civil Protection agency and the
people at risk, and the ability of those potentially affected people to remove themselves
from  harm’s  way,  this  could  have  prevented  loss  of  life  and  injury.    From  a  longer  term  
risk reduction and mitigation perspective, this new hazard awareness could better inform
land use plans and zoning regulations, which would reduce the exposure of populations
and infrastructure to landslides. Directly incorporable into existing decision support
systems, the results of this thesis may allow for better disaster management in El
Salvador and are transferable to other developing countries.

7.3

Unique contributions of this thesis

Among the methods employed and results achieved, I can highlight unique
contributions to the landslide hazard and decision support communities. First, the
identification of height above nearest drainage and sediment transport index through as
significant predictors of landslide conditions presents a new approach to derive hazard
maps. Second, I determined that in the case of El Salvador between 1998 and 2011, raw
rain gauge data outperformed any other representation of rainfall, interpolated or derived
by satellite. Still, the Tropical Rainfall Measuring Mission (TRMM) proved capable of
predicting landslides as well as, or better than, current static hazard assessment
techniques. This has implications for other areas that do not have as dense a network of
rain gauges as El Salvador. Third, I established that limitations in the 10 meter digital
elevation model (DEM) resulted in only a somewhat accurate representation of lahar
inundation hazard zones. Perhaps more importantly, the shallow landslides that occur
nearly every rainy season were not resolvable by the best available DEM. This
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underscores the need for updated topographic data to for two reasons: 1) to better
document the changes in topography that have occurred since the last topographic data
was collected, and 2) to resolve smaller scale phenomena such as the hundreds of shallow
landslides triggered by rainfall.

7.4

Recommendations

In terms of decision support, I have shown how fine spatial scale land surface data
can be combined with daily rainfall to more successfully predict landslides. Yet there
remain many areas for improvement and new research questions that arise as a result of
this thesis.
It is important to note the spatial limitations of this study. Using a statistical
approach with GIS and remote sensing as analytical tools, I was able to map landslide
hazard probability as a continuous surface for all of El Salvador. Given the spatial
resolution and latency of input data, this approach is applicable for directly monitoring
slope-specific movement. More focused in situ measurements would be necessary to
achieve this level of detail. Wireless sensor networks present a new opportunity to obtain
such measurements at a lower cost. On the temporal scale, an analysis of hourly rainfall
should provide greater insight into the rainfall intensity and duration relationship. These
are often used in early warning systems in a more deterministic fashion. Hourly data
from automatic rain gauges may be available, but, as discussed before, gaps in data
continuity may inhibit this type of analysis. TRMM could also provide rainfall intensity
data at a 3 hourly resolution, but spatial detail would have to be sacrificed.
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The techniques used to catalog landslides could be improved. In the interest of
identifying causal factors of landslides on a fine spatial and temporal scale, it is necessary
to document as many trigger points as possible, rather than attribute one general
coordinate to a series of individual landslides. There is a rich database of historical
satellite imagery that could be used to augment and enhance theses landslide inventories,
presenting a potential role for the Regional Visualization and Monitoring System
(SERVIR). Data collected from aerial and field surveys could also contribute to this
improvement, but cost considerations limit these approaches for every landslide event.
Many of the environmental variables considered in this thesis were derived from
remote sensing instruments that are outdated or no longer operational. Fortunately, a new
generation of sensors provides an opportunity to reassess landslide hazards with timelier
and possibly more accurate data. The Visible Infrared Imaging Radiometer Suite
(VIIRS) aboard the Sumoi National Polar-orbiting Partnership (NPP) satellite could
replace land cover products generated by MODIS. Landsat 8 now provides a
continuation of the historic Landsat series. The Global Precipitation Measurement
(GPM) mission expected to launch in 2014 is expected to improve upon TRMM data.
Even though remotely sensed soil moisture estimates were not considered in this thesis
(at the time of writing current instruments are non-operational), the upcoming Soil
Moisture Active Passive mission is also scheduled to launch in 2014.
New research questions arise as a result of this thesis. First, there is a need to
determine if an elevation/rainfall relationship exists in order for interpolations to more
accurately represent real rainfall conditions instead. This can be done by including the
remaining rain gauges in regression analysis. The results of the logistic regression testing
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indicate that, had landslide samples been available in all categories, land cover would
have been a good distinguishing variable between landslide and non-landslide conditions.
This raises the question of how often land cover maps would need to be updated in order
to ensure a timely understanding of landslide hazards with changing land cover. A
challenge is that the classification and field validation processes involved in developing
land cover maps are very expensive, meaning that national and regional land cover maps
are typically updated at best every five to ten years. Vegetation indices derived from
satellite images such as MODIS, VIIRS and Landsat may provide a proxy for land cover
change, but it has yet to be seen whether such indices can resolve the differences in land
cover types that may drive landslides. Additionally, indices based on passive remote
sensors are at the mercy of cloud cover, limiting their potential during the rainy season
when real-time information is needed the most. In terms of rainfall, I used the research
quality TRMM 3B42 product. To gain a better appreciation of the performance in an
operational setting, similar statistical analysis with the real-time product would be
required. In terms of elevation, the critical resolution needs to be determined for a new
DEM if it is to resolve shallow landslides. Related to this are the preprocessing
techniques  used.    LAHARZ  by  default  uses  ArcGIS’s  fill  tool,  but  other  optimized  pit  
removal approaches prove to minimize modifications of the original DEM. It has yet to
be seen whether different fill techniques affect final debris inundation zones.
At the onset of this paper I clarified that I would focus on the hazard aspect of the
larger risk management scheme. Exposure and vulnerability were issues not touched in
this thesis, but risk is where hazard and vulnerability intersect. Further studies on the
flow of information before, during and after a landslide disaster could help to identify
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why an improved understanding of the physical hazard may not directly lead to lives
saved and damages avoided. The underlying socioeconomic situation influences how
people appropriate and respond to risk, which is another needed area of focus. While
numerous news stories after the 2008 landslide talked of mitigation plans, it is difficult to
determine if actual plans have been made and implemented. While some parts of the San
Salvador Volcano have been declared as protected areas, no information is available as to
whether the eastern flank above the Mejicanos municipality is off limits for agriculture or
development. Meanwhile, the San Salvador metropolitan area continues to grow in area
and population density and only some mitigation measures have been. After an
earthquake-induced mudflow in Las Colinas in 2001 that buried hundreds of homes,
development was stopped in the surrounding area below the landslide-prone hill [Cepeda
et al., 2010]. After the devastating lahars that inundated many towns on the northern
flanks of Volcán de San Vicente in November of 2009, new zoning rules, concrete
barriers and diversion gullies were proposed [Manuel Diaz, pers. comm. 2011]. It has yet
to be seen whether such plans will be implemented and how long they will be enforced.
Geospatial analysis has proven effective in many landslide hazard assessment
cases, but some argue that the data-driven methods and inductive reasoning that GIS
tends to promote have hindered the development of better understanding on the causes of
landslides and their interactions with other systems [Van Westen et al., 2006; Alexander,
2008]. Using this thesis as evidence, I would contend that being able to visualize spatial
data and overlay or intersect datasets on diverse subjects through GIS promotes, rather
than stifles, inquiry and hypothesis development.
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Through the dynamic integration of a diverse set of environmental variables, I
have demonstrated how to improve upon existing decision support systems for landslide
risk management. El Salvador shares many similar circumstances as neighboring
countries when it comes to hydro-meteorological and geological disasters. Using minor
adjustments to account for environmental differences and the state of in situ monitoring
networks and decision support systems, the methods and results of this work may be
transferable to other developing countries that experience similar or even greater levels of
landslide risk than El Salvador.
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APPENDIX A: Supplementary materials from Chapter 4
List of rainfall-induced landslide locations and dates [MARN, 2013b]
ID

Date

216

2006/7/30

214

Department

Latitude (°)

La Libertad

-89.521686

13.512375

Heavy rains

---

2006/7/16

Santa Ana

-89.722269

14.112439

Seasonal rains

30,000

213

2005/8/20

Cabanhas

-88.841000

13.886450

---

258

2010/8/20

Cabanhas

-88.905989

13.935161

Clayey material present
Increased precipitation in
deforested areas

261

2010/5/30

Chalatenango

-88.868006

14.118114

Tropical Storm Agatha

9000

48

2001/9/15

San Vicente

-88.853697

13.598944

Seasonal rains

300,000

231

2009/11/7

Cuscatlan

-88.934000

13.755000

Rain from Hurricane Ida

---

232

2009/11/7

Cuscatlan

-88.949750

13.707861

Rain from Hurricane Ida

---

234

2009/11/7

Cuscatlan

-88.967500

13.659083

Rain from Hurricane Ida

---

236

2009/11/7

Cuscatlan

-88.987028

13.701667

---

240

2009/11/8

San Vicente

-88.853275

13.616050

241

2009/11/8

San Vicente

-88.850044

13.600150

242

2009/11/8

San Vicente

-88.839428

13.606869

243

2009/11/8

San Vicente

-88.855800

13.600103

Rain from Hurricane Ida
Tropical Storm Ida, approx.
355 mm rain in 24 horas
Tropical Storm Ida, approx.
355 mm rain in 24 horas
Tropical Storm Ida, approx.
355 mm rain in 24 horas
Tropical Storm Ida, approx.
355 mm rain in 24 horas

246

2009/11/8

La Paz

-88.991702

13.633247

Rain from Hurricane Ida

17.5

247

2009/11/8

La Paz

-88.994833

13.632006

Rain from Hurricane Ida

400

248

2009/11/8

La Paz

-88.988471

13.631900

Rain from Hurricane Ida

96

249

2009/11/8

La Paz

-88.989314

13.633095

Rain from Hurricane Ida

325

250

2009/11/8

La Paz

-88.996796

13.631292

Rain from Hurricane Ida

93

251

2009/11/8

La Paz

-88.997286

13.630445

Rain from Hurricane Ida

47.25

252

2009/11/8

La Paz

-88.997647

13.625850

Rain from Hurricane Ida

40.5

253

2009/11/8

La Paz

-88.998480

13.621823

Rain from Hurricane Ida

23

254

2009/11/8

La Paz

-88.999564

13.624267

Rain from Hurricane Ida

2255

408

2009/11/7

San Vicente

-88.855115

13.606731

411

2001/9/15

San Vicente

-88.853698

13.598946

199

2002/8/28

La Libertad

-89.297947

13.667031

Seasonal rains

40

200

2002/10/23

San Salvador

-89.124381

13.631675

550

203

2004/6/9

San Salvador

-89.185876

13.796514

Seasonal rains
Partial obstruction of canal or
modification of surface runoff
for new street

206

2005/9/6

San Salvador

-89.185442

13.676367

Seasonal rains

---

209

2005/9/6

San Salvador

-89.108453

13.716506

---

215

2006/5/11

San Salvador

-89.145322

13.696719

Seasonal rains
Fractures, soil permeability
and groundwater flow

221

2008/10/18

San Salvador

-89.252836

13.745342

Seasonal rains

1800

223

2009/11/7

San Salvador

-89.078594

13.737325

Rain from Hurricane Ida

---

151

Trigger

Volume
(m3)

Longitude (°)

20,000

250,000
240,000
300,000
370,000

---

---

229

2009/11/7

San Salvador

-89.096331

13.696836

Rain from Hurricane Ida

---

230

2009/11/7

San Salvador

-89.091417

13.664889

Rain from Hurricane Ida

---

233

2009/11/7

San Salvador

-89.119528

13.657306

Rain from Hurricane Ida

---

235

2009/11/7

Cuscatlan

-89.045639

13.763722

Rain from Hurricane Ida

---

237

2009/11/7

San Salvador

-89.172389

13.646056

Rain from Hurricane Ida

---

239

2009/11/7

San Salvador

-89.186081

13.612294

Rain and material type in area

---

244

2009/11/8

San Salvador

-89.196414

13.740378

Rain from Hurricane Ida

100

245

2009/11/8

San Salvador

-89.197208

13.756414

Rain from Hurricane Ida

---

255

2009/11/8

La Paz

-89.021666

13.616822

Rain from Hurricane Ida

78.75

260

2010/5/28

San Salvador

-89.078325

13.734972

---

265

2010/6/29

San Salvador

-89.173020

13.671911

Storms, 28 - 30 May 2010
Rain from Ida (2009) and Alex
(2010)

280

2011/10/18

La Paz

-89.056700

13.588881

Seasonal rains

---

414

2009/11/7

Cuscatlan

-89.024146

13.717673

---

36

1998/11/1

Chalatenango

-89.132814

14.334944

Seasonal rains

---

220

2008/10/14

Chalatenango

-89.118664

14.203631

Seasonal rains

---

268

2010/8/30

Chalatenango

-89.124914

14.339378

Seasonal rains

---

415

2006/8/11

Santa Ana

-89.589490

13.861857

205

2005/10/4

Sonsonate

-89.681803

13.847086

207

2005/10/2

Sonsonate

-89.733931

13.809917

212

2005/6/26

Ahuachapan

-89.795283

13.845658

Lluvia intensa el dia del evento
180 mm en 7 horas
Lluvias ocacionadas por el
huracan Stan
Heavy rain (180 mm ion 7
hours)

226

2009/11/7

Sonsonate

-89.753056

13.835300

Rain from Hurricane Ida

---

228

2009/11/7

San Vicente

-88.780119

13.582883

Rain from Hurricane Ida

---

227

2009/11/7

La Libertad

-89.301372

13.670453

400

279

2011/10/18

La Libertad

-89.401786

13.638769

290

2011/10/16

La Libertad

-89.447822

13.827704

270

2010/5/30

Morazan

-88.128053

13.761344

Rain from Hurricane Ida
Rain from Tropical Depression
12E
Rain from Tropical Depression
12E
Rain from Tropical Storm
Agatha

33

1998/10/31

Usulutan

-88.523333

13.490833

---

40

2000/8/26

San Miguel

-88.345833

13.416667

218

2007/5/29

Usulutan

-88.525989

13.493411

225

2009/6/20

San Miguel

-88.382681

13.461361

Hurricane Mitch
Lluvias torrenciales con una
duracion de 2 a 3 horas
Heavy rain (170 mm) between
5:00 p.m and 12:00 a.m
Heavy rains that caused high
runoff on Tigre and Pacayal
hills

256

2009/11/8

Usulutan

-88.424835

13.476372

Rain from Hurricane Mitch

---

409

1998/11/1

Usulutan

-88.518638

13.493798

410

2008/5/29

Usulutan

-88.518638

13.493798

271

2010/5/23

San Miguel

-88.351889

13.870025

Seasonal rains

---

281

2011/10/17

Ahuachapan

-89.874517

13.944675

Groundwater

---

210

2005/10/6

Chalatenango

-88.886770

14.078220

Tropical Storm Stan

---

217

2006/9/11

Chalatenango

-88.845606

14.119128

Seasonal rains

---

152

--40
4000

123,600
600
8400

--2500
-------

272

2009/11/8

Cuscatlan

-88.977353

13.691217

35

1998/10/31

San Salvador

-89.184882

13.648247

202

2004/9/24

San Salvador

-89.236758

13.702728

211

2005/10/3

San Salvador

-89.229819

13.691614

224

2009/11/8

San Salvador

-89.196272

13.806583

238

2009/1/9

San Salvador

-89.159172

13.737225

284

2011/10/16

La Libertad

-89.265381

13.575617

285

2011/10/16

La Libertad

-89.266575

13.683633

288

2011/10/16

La Libertad

-89.275594

13.677667

276

2011/10/12

Sonsonate

-89.691744

13.873536

291

2011/10/12

Santa Ana

-89.438778

14.410487

263

2010/8/5

Sonsonate

-89.561486

13.687164

286

2011/10/16

La Libertad

-89.312764

13.680439

287

2011/10/16

La Libertad

-89.298917

13.668022

289

2011/10/16

La Libertad

-89.333706

201

2003/10/18

San Miguel

274

2010/5/26

283
37
282

Seasonal rains and wastewater
discharge
Hurricane Mitch
Old cavern in the area, loose
soils, humid subsoils
Seasonal rains and Tropical
Storm Stan

-----------

Local geology and
groundwater
Rain from Tropical Depression
12E
Rain from Tropical Depression
12E
Rain from Tropical Depression
12E

----1600
40

Seasonal rains
Rain from Tropical Depression
12E

---

3500

13.769797

Seasonal rains
Rain from Tropical Depression
12E
Rain from Tropical Depression
12E
Rain from Tropical Depression
12E

-88.261350

13.834764

Seasonal rains

---

Morazan

-88.067106

13.741742

---

2011/10/15

San Miguel

-88.264014

13.839842

Seasonal rains
Rain from Tropical Depression
12E

1998/10/31

Usulutan

-88.422370

13.477930

---

2011/10/16

Cabanhas

-88.604481

13.781131

Rain from Hurricane Mitch
Rain from Tropical Depression
12E

153

---

5200
--15,000

255

---

Regression tests on elevation and rainfall

154

Correlation matrix for land surface variables

155

DEM
SLOPE
PLAN
PROF
CURV
ASPECT
TWI
SPI
STI
DRAINDENS
DIST_STR1K
DIST_STR10K
HAND
HAND10K
LANDCOV5
LANDCOV2010M
COVFAC
COVFAC2010F
CN
CN2010F
COVFAC_CH
CN_CH
LITH_GEO
LITH_FORM
LITH_SNET
LITH_HYDRO
LITH_TEXT
LITH_POR
ROAD_DIST
AG_DIST
POP_DIST
POPDENS

DEM SLOPE
1.000
0.516
1.000
-0.222
-0.121
0.059
0.049
-0.163
-0.100
0.122
0.071
-0.340
-0.721
0.225
0.566
0.397
0.827
-0.016
-0.186
0.241
0.242
0.562
0.454
0.494
0.560
0.702
0.543
-0.330
-0.098
0.374
0.091
-0.113
-0.077
0.044
-0.075
-0.046
-0.232
-0.031
-0.287
0.107
0.139
-0.152
-0.098
-0.170
-0.193
0.208
-0.103
0.031
-0.072
-0.060
-0.047
0.262
-0.079
0.242
-0.115
-0.033
0.144
-0.235
0.055
-0.026
0.162
0.000
-0.173

PLAN

PROF

CURV ASPECT

1.000
-0.353
0.792
-0.039
0.058
-0.120
-0.145
-0.218
0.048
-0.111
-0.022
-0.205
0.086
-0.172
0.223
0.021
-0.005
-0.025
0.025
0.004
-0.041
-0.240
0.102
-0.020
-0.138
-0.003
0.174
0.109
0.133
-0.097

1.000
-0.851
0.083
0.076
0.228
0.187
0.086
-0.068
0.134
-0.057
0.110
0.023
-0.033
-0.098
-0.041
0.080
-0.010
0.137
0.002
0.047
0.138
-0.041
0.119
0.040
-0.077
-0.052
0.112
-0.223
0.000

1.000
-0.076
-0.017
-0.216
-0.203
-0.178
0.071
-0.150
0.025
-0.187
0.033
-0.075
0.189
0.039
-0.055
-0.008
-0.076
0.001
-0.053
-0.225
0.084
-0.089
-0.104
0.048
0.132
-0.012
0.220
-0.054

1.000
0.026
0.219
0.188
-0.067
0.101
0.146
0.054
0.221
0.010
-0.012
0.087
0.115
-0.040
0.051
-0.147
0.030
-0.190
0.102
-0.044
-0.004
0.049
-0.072
-0.058
-0.088
0.039
-0.079

TWI

SPI

1.000
-0.024
-0.320
0.127
-0.155
-0.267
-0.454
-0.342
0.199
-0.188
0.190
0.078
0.208
0.223
-0.058
0.010
0.217
0.038
0.005
0.079
0.163
0.096
-0.128
-0.040
-0.131
0.060

1.000
0.917
-0.017
0.072
0.201
0.214
0.292
0.119
-0.194
0.116
-0.086
-0.047
-0.179
0.080
-0.115
-0.141
-0.121
-0.161
0.041
-0.013
-0.115
0.063
0.112
0.174
-0.152

STI DRAINDENS DIST_STR1K DIST_STR10K

1.000
-0.060
0.144
0.354
0.368
0.443
0.039
-0.091
0.049
-0.089
-0.112
-0.230
0.109
-0.131
-0.160
-0.129
-0.114
0.025
-0.015
-0.124
0.112
0.080
0.172
-0.168

1.000
-0.326
-0.128
-0.320
-0.108
0.031
0.037
0.019
0.094
0.174
0.271
-0.245
0.058
0.272
0.311
0.099
-0.008
0.148
0.083
-0.028
-0.168
-0.257
0.201

1.000
0.275
0.662
0.352
-0.081
0.046
0.028
0.037
-0.185
-0.121
0.106
-0.016
-0.209
-0.243
-0.044
-0.112
-0.034
0.007
-0.016
-0.081
0.103
-0.204

1.000
0.410
0.712
-0.101
0.167
0.040
0.125
-0.167
-0.101
0.219
-0.068
-0.222
0.040
-0.194
-0.075
0.172
0.070
0.145
-0.145
-0.077
-0.162

(continued)
HAND HAND10K LANDCOV5 LANDCOV- COVFAC COVFAC2010M
2010F
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DEM
SLOPE
PLAN
PROF
CURV
ASPECT
TWI
SPI
STI
DRAINDENS
DIST_STR1K
DIST_STR10K
HAND
HAND10K
LANDCOV5
LANDCOV2010M
COVFAC
COVFAC2010F
CN
CN2010F
COVFAC_CH
CN_CH
LITH_GEO
LITH_FORM
LITH_SNET
LITH_HYDRO
LITH_TEXT
LITH_POR
ROAD_DIST
AG_DIST
POP_DIST
POPDENS

1.000
0.676
-0.167
0.175
-0.029
-0.024
-0.136
-0.149
0.277
-0.060
-0.250
-0.064
-0.042
-0.021
0.021
-0.048
0.095
-0.109
0.143
-0.196

1.000
-0.262
0.282
-0.081
0.001
-0.163
-0.125
0.210
-0.079
-0.301
0.109
-0.053
0.007
0.098
-0.028
0.191
-0.176
0.055
-0.177

1.000
-0.644
0.360
0.141
0.148
0.141
0.041
-0.043
0.024
-0.204
-0.142
0.011
-0.103
-0.048
-0.064
0.131
-0.082
0.112

1.000
-0.525
-0.176
-0.148
0.058
-0.034
0.094
0.057
0.287
0.094
-0.021
0.179
0.214
-0.054
0.110
-0.069
0.081

1.000
0.527
-0.039
0.046
0.248
-0.124
-0.053
-0.117
-0.072
-0.108
0.025
-0.098
0.039
-0.433
0.175
-0.230

1.000
-0.123
0.336
0.129
-0.257
-0.104
0.215
-0.074
-0.205
0.163
0.142
-0.037
-0.377
-0.068
-0.092

CN CN2010F COVFAC_CH

1.000
0.716
-0.187
0.185
0.006
0.148
0.031
0.746
0.371
-0.300
-0.142
-0.243
-0.114
0.270

1.000
-0.137
0.149
-0.010
0.359
0.012
0.521
0.440
-0.083
-0.208
-0.324
-0.212
0.273

1.000
-0.259
-0.028
-0.022
-0.115
0.058
-0.060
-0.089
0.195
0.123
0.253
-0.246

CN_CH LITH_GEO LITH_FORM

1.000
0.032
0.046
-0.020
0.060
0.023
-0.063
-0.071
-0.062
-0.028
0.135

1.000
0.091
0.174
-0.113
0.100
0.150
-0.046
0.090
-0.115
0.243

1.000
0.248
0.037
0.342
0.271
-0.180
-0.203
-0.259
0.227

(continued)
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DEM
SLOPE
PLAN
PROF
CURV
ASPECT
TWI
SPI
STI
DRAINDENS
DIST_STR1K
DIST_STR10K
HAND
HAND10K
LANDCOV5
LANDCOV2010M
COVFAC
COVFAC2010F
CN
CN2010F
COVFAC_CH
CN_CH
LITH_GEO
LITH_FORM
LITH_SNET
LITH_HYDRO
LITH_TEXT
LITH_POR
ROAD_DIST
AG_DIST
POP_DIST
POPDENS

LITH_SNET

LITH_HYDRO

LITH_TEXT

LITH_POR

ROAD_DIST

AG_DIST

POP_DIST

POPDENS

1.000
-0.026
-0.023
0.065
-0.079
0.011
-0.023
0.117

1.000
0.190
-0.628
0.009
0.020
0.085
0.064

1.000
0.374
-0.343
-0.300
-0.144
0.151

1.000
-0.313
-0.022
-0.279
0.325

1.000
0.113
0.110
-0.274

1.000
0.048
0.088

1.000
-0.322

1.000

Correlation matrix for precipitation variables
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P1
P4
P7
P15
P30
P60
P90
P120
P150
P180
PS1
PS4
PS7
PS15
PS30
PS60
PS90
PS120
PS150
PS180
T1
T4
T7
T15
T30
T60
T90
T120
T150
T180
TB1
TB4
TB7
TB15

P1
1.000
0.934
0.869
0.764
0.652
0.615
0.599
0.595
0.575
0.566
0.856
0.879
0.859
0.750
0.582
0.558
0.572
0.574
0.559
0.558
0.750
0.585
0.587
0.477
0.424
0.443
0.492
0.492
0.496
0.509
0.740
0.588
0.599
0.499

P4

P7

P15

P30

P60

P90

P120

P150

P180

PS1

PS4

PS7

PS15

PS30

1.000
0.975
0.888
0.762
0.696
0.649
0.636
0.605
0.582
0.756
0.866
0.881
0.804
0.636
0.592
0.590
0.587
0.568
0.554
0.731
0.709
0.732
0.645
0.569
0.559
0.571
0.571
0.557
0.550
0.725
0.719
0.747
0.668

1.000
0.937
0.810
0.716
0.650
0.632
0.592
0.558
0.654
0.805
0.866
0.820
0.662
0.590
0.574
0.568
0.546
0.522
0.702
0.751
0.809
0.745
0.661
0.624
0.612
0.611
0.581
0.557
0.703
0.768
0.825
0.767

1.000
0.925
0.803
0.711
0.689
0.636
0.577
0.528
0.684
0.777
0.864
0.772
0.650
0.602
0.595
0.567
0.516
0.673
0.711
0.768
0.805
0.775
0.728
0.683
0.676
0.628
0.570
0.686
0.740
0.787
0.831

1.000
0.887
0.798
0.768
0.710
0.636
0.428
0.556
0.646
0.787
0.837
0.709
0.656
0.643
0.612
0.541
0.636
0.664
0.688
0.774
0.845
0.825
0.775
0.757
0.703
0.628
0.650
0.692
0.707
0.804

1.000
0.962
0.922
0.865
0.802
0.480
0.579
0.636
0.737
0.797
0.867
0.856
0.829
0.794
0.735
0.550
0.590
0.605
0.642
0.720
0.860
0.864
0.821
0.785
0.736
0.555
0.611
0.622
0.673

1.000
0.979
0.941
0.898
0.487
0.560
0.586
0.648
0.712
0.839
0.897
0.890
0.870
0.830
0.502
0.530
0.546
0.559
0.644
0.822
0.890
0.864
0.851
0.824
0.501
0.545
0.558
0.584

1.000
0.984
0.954
0.475
0.546
0.561
0.619
0.685
0.805
0.883
0.911
0.910
0.881
0.499
0.525
0.539
0.549
0.628
0.805
0.890
0.897
0.903
0.889
0.499
0.541
0.550
0.571

1.000
0.987
0.462
0.520
0.519
0.565
0.628
0.759
0.854
0.902
0.924
0.910
0.462
0.473
0.483
0.487
0.568
0.752
0.854
0.883
0.916
0.920
0.461
0.489
0.495
0.508

1.000
0.466
0.510
0.493
0.509
0.557
0.704
0.818
0.879
0.913
0.923
0.428
0.443
0.451
0.431
0.495
0.680
0.804
0.848
0.897
0.925
0.424
0.454
0.461
0.447

1.000
0.924
0.851
0.699
0.518
0.547
0.561
0.545
0.521
0.533
0.552
0.334
0.307
0.191
0.138
0.233
0.296
0.277
0.298
0.334
0.522
0.315
0.308
0.215

1.000
0.954
0.828
0.637
0.635
0.646
0.627
0.594
0.592
0.618
0.555
0.557
0.448
0.351
0.404
0.438
0.423
0.421
0.433
0.585
0.550
0.566
0.471

1.000
0.911
0.731
0.694
0.661
0.630
0.589
0.570
0.652
0.625
0.657
0.576
0.478
0.502
0.496
0.472
0.450
0.439
0.635
0.622
0.666
0.598

1.000
0.900
0.793
0.715
0.683
0.635
0.582
0.628
0.600
0.630
0.654
0.612
0.618
0.567
0.538
0.496
0.446
0.619
0.617
0.647
0.684

1.000
0.889
0.793
0.759
0.709
0.634
0.552
0.541
0.546
0.625
0.680
0.728
0.662
0.631
0.586
0.513
0.542
0.554
0.560
0.652

TB30
TB60
TB90
TB120
TB150
TB180

0.426
0.439
0.491
0.494
0.495
0.508

0.570
0.554
0.568
0.572
0.556
0.548

0.663
0.619
0.609
0.611
0.580
0.555

0.782
0.722
0.678
0.676
0.626
0.568

0.855
0.820
0.768
0.756
0.701
0.625

0.737
0.862
0.862
0.821
0.785
0.735

0.660
0.825
0.889
0.864
0.852
0.824

0.641
0.807
0.889
0.897
0.903
0.888

0.580
0.754
0.854
0.883
0.914
0.919

0.504
0.682
0.803
0.847
0.895
0.924

0.147
0.235
0.302
0.280
0.301
0.335

0.358
0.405
0.441
0.425
0.423
0.434

0.486
0.500
0.497
0.473
0.451
0.439

0.628
0.617
0.566
0.538
0.497
0.446

0.700
0.726
0.659
0.630
0.586
0.512

PS60

PS90

PS120

PS150

PS180

T1

T4

T7

T15

T30

T60

T90

T120

T150

T180

1.000
0.955
0.914
0.867
0.813
0.454
0.489
0.486
0.500
0.553
0.738
0.733
0.685

1.000
0.981
0.950
0.915
0.422
0.467
0.475
0.460
0.517
0.729
0.789
0.761

1.000
0.988
0.965
0.425
0.460
0.469
0.451
0.507
0.715
0.796
0.799

1.000
0.988
0.400
0.431
0.439
0.420
0.479
0.688
0.781
0.803

1.000
0.371
0.406
0.415
0.368
0.409
0.619
0.732
0.768

1.000
0.663
0.626
0.565
0.529
0.481
0.468
0.458

1.000
0.953
0.877
0.781
0.698
0.645
0.647

1.000
0.932
0.816
0.726
0.678
0.685

1.000
0.928
0.811
0.727
0.730

1.000
0.911
0.827
0.814

1.000
0.959
0.924

1.000
0.978

1.000

(continued)
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P1
P4
P7
P15
P30
P60
P90
P120
P150
P180
PS1
PS4
PS7
PS15
PS30
PS60
PS90
PS120
PS150
PS180
T1
T4
T7
T15
T30
T60
T90
T120

T150
T180
TB1
TB4
TB7
TB15
TB30
TB60
TB90
TB120
TB150
TB180

0.664
0.624
0.445
0.487
0.492
0.519
0.572
0.737
0.730
0.683
0.664
0.622

0.759
0.741
0.403
0.469
0.483
0.479
0.535
0.730
0.787
0.758
0.759
0.739

0.815
0.807
0.409
0.465
0.477
0.468
0.523
0.715
0.795
0.797
0.814
0.806

0.838
0.845
0.386
0.438
0.449
0.436
0.495
0.688
0.780
0.801
0.837
0.843

0.818
0.846
0.354
0.409
0.422
0.381
0.420
0.619
0.732
0.765
0.816
0.845

0.434
0.412
0.985
0.668
0.635
0.590
0.530
0.482
0.468
0.462
0.436
0.412

0.593
0.554
0.657
0.981
0.936
0.862
0.758
0.676
0.631
0.638
0.585
0.547

0.624
0.578
0.626
0.946
0.990
0.918
0.798
0.708
0.669
0.679
0.619
0.574

0.651
0.573
0.574
0.879
0.926
0.988
0.913
0.792
0.715
0.724
0.646
0.568

0.736
0.644
0.544
0.792
0.816
0.931
0.994
0.897
0.814
0.808
0.730
0.638

0.866
0.789
0.487
0.707
0.729
0.821
0.918
0.995
0.954
0.922
0.866
0.788

0.943
0.894
0.472
0.656
0.683
0.737
0.835
0.957
0.997
0.977
0.944
0.894

0.984
0.946
0.461
0.660
0.689
0.736
0.819
0.920
0.975
0.998
0.983
0.946

1.000
0.985
0.434
0.606
0.631
0.658
0.743
0.866
0.942
0.983
0.998
0.984

1.000
0.408
0.563
0.584
0.577
0.648
0.789
0.893
0.945
0.982
0.999
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(continued)
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PS1
PS4
PS7
PS15
PS30
PS60
PS90
PS120
PS150
PS180
T1
T4
T7
T15
T30
T60
T90
T120
T150
T180
TB1
TB4
TB7
TB15
TB30
TB60
TB90
TB120
TB150
TB180

TB1

TB4

TB7

TB15

TB30

TB60

TB90

TB120

TB150

TB180

1.000
0.670
0.639
0.600
0.546
0.489
0.470
0.464
0.435
0.409

1.000
0.954
0.886
0.782
0.695
0.648
0.655
0.601
0.560

1.000
0.930
0.809
0.719
0.677
0.687
0.628
0.582

1.000
0.928
0.811
0.730
0.733
0.655
0.576

1.000
0.913
0.828
0.817
0.741
0.646

1.000
0.958
0.923
0.870
0.792

1.000
0.978
0.947
0.897

1.000
0.985
0.947

1.000
0.984

1.000

Logistic regression results
Individual variables

Variable

AIC

Parameter p- Test Chivalue
squared

Degrees of
freedom

McFadden's Area under
Test p-value Rho-squared ROC curve

P1

91.521222

0.000016

78.834102

1

< 0.000001 0.47389

0.906667

PS4

114.551237 0.000007

97.327637

1

< 0.000001 0.468194

0.917708

P4

94.965515

0.000001

75.389808

1

< 0.000001 0.453185

0.917778

P7

108.293074 0.000003

62.062249

1

< 0.000001 0.37307

0.881667

P15

115.253421 < 0.000001 55.101902

1

< 0.000001 0.33123

0.850694

P60

116.744243 < 0.000001 53.611081

1

< 0.000001 0.322269

0.858472

T4

117.698765 < 0.000001 52.656559

1

< 0.000001 0.316531

0.764583

TB4

117.698765 0.000007

52.656559

1

< 0.000001 0.316531

0.868333

P120

121.397982 < 0.000001 48.957341

1

< 0.000001 0.294294

0.859722

P90

121.54966

1

< 0.000001 0.293382

0.858472

T7

121.667206 0.00003

48.688117

1

< 0.000001 0.292675

0.868333

TB7

121.667206 0.00003

48.688117

1

< 0.000001 0.292675

0.859444

P150

124.674582 < 0.000001 45.680742

1

< 0.000001 0.274597

0.837639

P30

126.839729 < 0.000001 43.515595

1

< 0.000001 0.261582

0.82375

P180

128.771618 < 0.000001 41.583705

1

< 0.000001 0.249969

0.826111

T1

136.656801 0.00004

33.698523

1

< 0.000001 0.20257

0.764583

TB1

136.656801 < 0.000001 33.698523

1

< 0.000001 0.20257

0.764583

T15

136.992598 0.000042

33.362726

1

< 0.000001 0.200551

0.859444

TB15

136.992598 0.000042

33.362726

1

< 0.000001 0.200551

0.793611

PS1

174.673773 0.000832

37.205101

1

< 0.000001 0.178975

0.792969

Elevation,
categorized

152.291381 all <
0.00001

29.441972

6

0.00005

0.175528

0.755191

T30

145.004811 0.00004

25.350512

1

< 0.000001 0.152388

0.793611

TB30

145.004811 0.00004

25.350512

1

< 0.000001 0.152388

0.738472

T60

145.103648 0.000043

25.251675

1

< 0.000001 0.151794

0.738472

TB60

145.103648 0.000043

25.251675

1

0.000001

0.151794

0.743611

Geological
units

174.619549 10 are <
25.113804
0.00001; 5
don't
perform well

15

0.048436

0.149725

0.721858

Elevation

147.740913 0.00004

1

0.000002

0.13594

0.750694

< 0.000001 48.805663

22.614411

162

T90

148.023101 0.000113

22.332223

1

< 0.000001 0.134244

0.743611

TB90

148.023101 0.000113

22.332223

1

0.000002

0.134244

0.789028

T120

149.071958 0.125926

21.283366

1

< 0.000001 0.127939

0.789028

TB120

149.071958 0.125926

21.283366

1

0.000004

0.127939

0.816944

Land cover, 167.234249 6 are <
20.499104
2010 classes
0.00001; 3
don't
perform well

9

0.01507

0.122212

0.679645

T150

151.55691

0.00034

18.798413

1

< 0.000001 0.113002

0.816944

TB150

151.55691

0.201967

18.798413

1

0.000015

0.113002

0.833333

Slope,
categorized

162.258521 all <
0.00001

17.474832

5

0.003682

0.104182

0.699317

T180

155.091154 0.001372

15.26417

1

< 0.000001 0.091756

0.833333

TB180

155.091154 0.001372

15.26417

1

0.000093

0.091756

0.826806

0.001138

14.720324

1

0.000125

0.088487

0.644167

195.215211 0.000679

16.663663

1

0.000045

0.08016

0.656944

Hydrological 165.568009 2 are <
12.165344
soil group
0.00001; 2
doesn't
perform well

4

0.016163

0.072528

0.646585

Distance to 168.549151 0.182806
streams, 1000
contribution
threshold

1

0.178968

0.070857

0.55375

9

0.234685

0.069365

0.65806

HAND,
155.635
10000
contribution
threshold
PS7

Aspect,
categorized

1.806173

176.098489 7 are <
11.634684
0.00001; 2
don't
perform well

Distance to 158.90247
streams,
10000
contribution
threshold

0.001641

11.452853

1

0.000714

0.068846

0.625556

Distance to
populated
area

160.111056 0.006865

10.244267

1

0.001371

0.061581

0.735833

Population
density

161.706455 0.017593

8.648868

1

0.003273

0.05199

0.665833

Lithology
categories
(SNET)

169.486591 3 are <
0.00001; 1
doesn't

8.246762

4

0.082946

0.049166

0.607923

163

perform well
PS15

202.845245 0.005237

9.033629

1

0.002651

0.043456

0.625174

Land cover, 5 170.645552 3 are <
7.087801
general
0.00001; 1
classes
doesn't
perform well

4

0.13132

0.042256

0.581011

Geological
formations

174.678743 4 are <
7.054611
0.00001; 2
don't
perform well

6

0.315826

0.042058

0.614344

CN, 2010
classes

163.994348 0.02088

6.360975

1

0.011666

0.038237

0.627639

Soil porosity 164.114044 0.013861

6.241279

1

0.012481

0.037518

0.627639

HFI

164.160139 0.017978

6.195184

1

0.01281

0.037241

0.618333

Overall
curvature,
categorized

182.242761 8 are <
5.490592
0.00001; 1
doesn't
perform well

9

0.789619

0.032734

0.593989

HAND, 1000 165.701077 0.044093
contribution
threshold

4.654246

1

0.030977

0.027978

0.587639

Soil texture

166.555864 0.064408

3.79946

1

0.051269

0.022839

0.596528

TWI

166.707551 0.060764

3.647772

1

0.056144

0.021928

0.610417

Slope

166.720973 0.060967

3.63435

1

0.56599

0.021847

0.5775

Distance to
roads

167.51436

2.840964

1

0.091889

0.017078

0.59125

Plan
curvature,
categorized

173.445423 2 are <
2.28793
0.00001; 1
doesn't
perform well

3

0.514837

0.01364

0.550273

0.102034

Flow length 168.224376 0.15275

2.130947

1

0.144352

0.01281

0.546944

CN, 5 general 168.510692 0.183389
classes

1.844631

1

0.174409

0.011089

0.498333

3

0.629622

0.010332

0.536749

Profile
curvature,
categorized

174.000353 2 are <
1.733
0.00001; 1
doesn't
perform well

C, 5 general 168.663517 0.198894
classes

1.691806

1

0.193363

0.01017

0.575417

PS30

209.835486 0.159759

2.043388

1

0.152869

0.00983

0.56684

PS60

210.002146 0.174933

1.876728

1

0.170706

0.009028

0.548785

PS90

210.123988 0.149732

1.754886

1

0.185264

0.008442

0.525955

PS120

210.170918 0.152208

1.707956

1

0.191251

0.008216

0.521094
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STI

169.036561 0.254821

1.318762

1

0.250814

0.007927

0.557222

Change in C 169.245714 0.312241

1.10961

1

0.292167

0.00667

0.486111

PS150

210.500358 0.199855

1.378516

1

0.240354

0.006631

0.515712

Aspect

169.39241

0.328159

0.962913

1

0.326454

0.005788

0.548472

PS180

210.93339

0.333052

0.945484

1

0.330871

0.004548

0.508333

Change in
CN

169.705372 0.464738

0.649951

1

0.42013

0.003907

0.524167

Distance to
agriculture

169.835105 0.47686

0.520219

1

0.470748

0.003127

0.543889

Plan
curvature

170.03357

0.572688

0.321754

1

0.570556

0.001934

0.517639

Overall
curvature

170.099451 0.613847

0.255872

1

0.642971

0.001538

0.515

C, 2010
classes

170.196885 0.690756

0.158439

1

0.690598

0.000952

0.518333

Drainage
density

170.291794 0.801106

0.063529

1

0.801002

0.000382

0.512639

SPI

170.308645 0.829164

0.046678

1

0.828947

0.000281

0.583056

Profile
curvature

170.272711 0.774089

0.082553

1

0.773868

0.0000496

0.510972

Sample logistic regression model results
Y = C0 + C1 ⋅ HAND + C2 ⋅ LC + C3 ⋅ K + C4 ⋅ Pg
Log-Likelihood of Constants only Model = LL(0)
2*[LL(N)-LL(0)]
df
p-value

: -83.177662
: 123.631292
:
15
:
0.000000

McFadden's Rho-squared 0.743176
Cox and Snell R-square 0.643086
Naglekerke's R-square
0.857448
Log-Likelihood Iteration History
Log-Likelihood
-21.362016
Information Criteria
AIC
74.724031
Schwarz's BIC 119.323899
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Parameter Estimates
Parameter

Estimate

95 % Confidence Interval
Lower
Upper
42.462094 0.000000 68.177464 74.775901
4.612444 0.000004 0.007546
0.018698
-39.499665 0.000000 -73.980974 -66.986216
-43.835750 0.000000 -72.357420 -66.163917
-26.145303 0.000000 -34.626762 -29.797261
-43.742763 0.000000 -76.185653 -69.651201
-52.111138 0.000000 -76.287774 -70.757231
-39.496817 0.000000 -70.740417 -64.051587
-29.002632 0.000000 -72.623486 -63.429204
.
.
-70.881554 -70.881554
-21.240103 0.000000 -42.261045 -35.120537
-4.563836 0.000005 -237.700141 -94.874259
-5.766112 0.000000 -136.119738 -67.057572
.
.
-113.470373 -113.470373
21.703533 0.000000 652.094552 781.562715
3.838256 0.000124 0.000035
0.000109

Robust Standard Error Z

1 CONSTANT
71.476683 1.683306
2 HAND10K
0.013122
0.002845
3 LANDCOV2010M_2
-70.483595 1.784410
4 LANDCOV2010M_4
-69.260669 1.580004
5 LANDCOV2010M_5
-32.212011 1.232038
6 LANDCOV2010M_6
-72.918427 1.666983
7 LANDCOV2010M_7
-73.522502 1.410879
8 LANDCOV2010M_8
-67.396002 1.706365
9 LANDCOV2010M_9
-68.026345 2.345523
10 LANDCOV2010M_10
-70.881554 0.000000
11 LANDCOV2010M_11
-38.690791 1.821591
12 LITH_HYDRO_1*LITH_TEXT -166.287200 36.435843
13 LITH_HYDRO_2*LITH_TEXT -101.588655 17.618223
14 LITH_HYDRO_3*LITH_TEXT -113.470373 0.000000
15 LITH_HYDRO_4*LITH_TEXT 716.828633 33.028200
16 P4*P150
0.000072
0.000019

p-value

Y = C0 + C1 ⋅ HAND + C2 ⋅ LC + C3 ⋅ HSG
Log-Likelihood of Constants only Model = LL(0)
2*[LL(N)-LL(0)]
df
p-value

: -83.866677
: 46.407770
:
19
: 0.000434

McFadden's Rho-squared 0.276676
Parameter Estimates
Parameter

Estimate

95 % Confidence Interval
Lower
Upper
-33.097246 0.000000 -29.879961 -26.538928
108.038883 0.000000 136.644135 141.693538
138.932218 0.000000 134.927410 138.788818
162.451067 0.000000 136.100153 139.424343
206.061002 0.000000 137.154472 139.788636
195.715168 0.000000 136.470292 139.231269
.
.
139.903441 139.903441
-83.490954 0.000000 -85.829480 -81.892186
-87.694189 0.000000 -85.441856 -81.706102
-40.080028 0.000000 -49.070086 -44.494652
-45.164757 0.000000 -49.137631 -45.050265
-50.652701 0.000000 -48.657943 -45.032664
-51.364060 0.000000 -48.267653 -44.719426
-31.164696 0.000000 -46.993488 -41.432341
.
.
-47.110527 -47.110527
-10.739917 0.000000 -13.362959 -9.238366
-72.491059 0.000000 -66.065588 -62.587162
-128.440645 0.000000 -64.155689 -62.227127
.
.
-63.605844 -63.605844
-24.090161 0.000000 -30.312978 -25.751592

Robust Standard Error Z

1 CONSTANT
-28.209445 0.852320
2 HAND10K_CAT_1
139.168837 1.288137
3 HAND10K_CAT_2
136.858114 0.985071
4 HAND10K_CAT_3
137.762248 0.848023
5 HAND10K_CAT_4
138.471554 0.671993
6 HAND10K_CAT_5
137.850781 0.704344
7 HAND10K_CAT_6
139.903441 0.000000
8 LANDCOV2010M_CAT_0 -83.860833 1.004430
9 LANDCOV2010M_CAT_2 -83.573979 0.953016
10 LANDCOV2010M_CAT_4 -46.782369 1.167224
11 LANDCOV2010M_CAT_5 -47.093948 1.042715
12 LANDCOV2010M_CAT_6 -46.845303 0.924833
13 LANDCOV2010M_CAT_7 -46.493539 0.905176
14 LANDCOV2010M_CAT_8 -44.212914 1.418686
15 LANDCOV2010M_CAT_10 -47.110527 0.000000
16 LANDCOV2010M_CAT_11 -11.300663 1.052211
17 LITH_HYDRO_CAT_1
-64.326375 0.887370
18 LITH_HYDRO_CAT_2
-63.191408 0.491989
19 LITH_HYDRO_CAT_3
-63.605844 0.000000
20 LITH_HYDRO_CAT_4
-28.032285 1.163640

166

p-value

Model Prediction Success Table
Predicted Choice
Actual Choice
Actual Total
Response Reference
Response
39.387258 20.612742 60.000000
Reference
20.612742 40.387258 61.000000
Predicted Total 60.000000 61.000000 121.000000
Correct
0.656454 0.662086
Success Index 0.160587 0.157954
Total Correct 0.659294
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APPENDIX B: Sample code and scripts for rainfall analysis
# Eric R. Anderson
# eric.anderson@nsstc.uah.edu
# University of Alabama in Huntsville
# Earth System Science program
# Atmospheric Science Department
#
# Extract interpolated pluviometer data for response and reference
# landslide points
#
# Version 3.1
# 25 May 2013
#
# Extract pluviometer data from DGOA/MARN for 3000+ days from 1998 to 2011,
# selected based on 180-day criterion pre-landslide.
# This uses R maptools and raster packages to perform the equivalent of ArcGIS's
# "Extract Multi Values to Points" or "Sample" tool in Spatial Analysis, except
# this is much more efficient. The points to extract in this case are
# of DGOA/MARN's 90 documented landslides that have a specific date assigned
# (response variable) plus 90 "not landslide" points (reference variable),
# read in as csv (although shapefile also works).
# The Extract function is used to extract values of interest from
# all 3000+ rainfall surfaces interpolated from the pluviometers stations.
#
# What's new: definition of variable interpolation technique now in this program and
# not the dependent program. Syntax errors in if statements corrected. Tabluar data
# is combined into 1 table (not 7) and sorted for more convenient POD/FAR calculations.
# Additional extractions are included for "not landslide" points, but this is
# driven by the input csv data. 12 stacks represent 12 date ranges for temporal
# groups of landslide events.
#
# What's new:
# Definition of variable interpolation technique now in this program and
# not the dependent program.
# Syntax errors in if statements corrected.
# Tabluar data is combined into 1 table (not 7) and sorted for more convenient
# POD/FAR calculations.
# Program interpolate_pluv_3182_days.r merged with this one.
#
# Dependencies: datos_pluv_interp_3182_days.r
#
# load libraries
library(maptools) # autoloads sp
library(raster)
library(rgeos)
library(rgdal)
library(akima)
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library(fields)
#library(stringr)
# set workspace
# the last directory may change to reflect different set of reference points
setwd("D:/_thesis/rainfall/pluv_daily/trial01")
# load points of response and reference variable (landslides and not landslides)
pt <- read.csv(file="landslides_180.csv")
coordinates(pt)= ~ Longitude+ Latitude
# load station data points
pluv <- read.csv("D:/_thesis/rainfall/pluv_daily/datos_diarios_lluvia_forarc.csv")
print("Rain gauge data read.",quote=0)
# interpolate the pluviometer data to surface rasters
## Pick ONE of the following interpolation techniques by setting extLogical to TRUE or FALSE
extLogical <- TRUE # if extLogical is true, spline is used (linLogical is false)
#extLogical <- FALSE # if extLogical is false, linear is used.
# set linLogical to true or false based on extrapolation choice
if (extLogical == TRUE) linLogical <- FALSE
if (extLogical == FALSE) linLogical <- TRUE
#source("D:/_thesis/rainfall/_r/interpolate_pluv_3182_days.r")
#print("Interpolation complete.",quote=0)
# define x, y (same for every day) and z values (different for every day)
source("D:/_thesis/rainfall/_r/datos_pluv_interp_3182_days.r") # comment out if already in memory
# tell me I'm finished and how to plot an image
print("Interpolation complete. Use plot() to see results of any day.",quote=0)
# stack interpolated rasters from interpex35920 to interpex40834
# note that the names of interpex are changed to reflect date number rather than 0006 through 3187
# also, the twelve stacks are grouped to reflect unique date ranges pertinent to landslides
# Comment this section out if already in memory
rStack01  =  stack(interpex35920,  interpex35921,…,  interpex36100)
rStack02 = stack(interpex36585,  interpex36586,…,  interpex36764)
rStack03  =  stack(interpex36970,  interpex36971,  …,  interpex37149)
rStack04  =  stack(interpex37317,  interpex37318,  …,  interpex37552)
rStack05  =  stack(interpex37733,  interpex37734,  …,  interpex37912)
rStack06 = stack(interpex37968,  interpex37969…,  interpex38254)
rStack07  =  stack(interpex38350,  interpex38351,  …,  interpex38631)
rStack08  =  stack(interpex38669,  interpex38670,  …,  interpex38971)
rStack09  =  stack(interpex39052,  interpex39053,  …,  interpex39231)
rStack10 = stack(interpex39418,  interpex39419…,  interpex40125)
rStack11  =  stack(interpex40142,  interpex40143,  …,  interpex40420)
rStack12  =  stack(interpex40649,  interpex40650,  …,  interpex40834)
# perform the value extraction on all of the entire raster stacks
rVal01 = extract(rStack01,pt)
rVal02 = extract(rStack02,pt)
rVal03 = extract(rStack03,pt)
rVal04 = extract(rStack04,pt)
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rVal05 = extract(rStack05,pt)
rVal06 = extract(rStack06,pt)
rVal07 = extract(rStack07,pt)
rVal08 = extract(rStack08,pt)
rVal09 = extract(rStack09,pt)
rVal10 = extract(rStack10,pt)
rVal11 = extract(rStack11,pt)
rVal12 = extract(rStack12,pt)
# write these results to a temporary csv file and resave in memory
write.table(rVal01,file="rVal01.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv01 = read.csv("rVal01.csv")
write.table(rVal02,file="rVal02.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv02 = read.csv("rVal02.csv")
write.table(rVal03,file="rVal03.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv03 = read.csv("rVal03.csv")
write.table(rVal04,file="rVal04.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv04 = read.csv("rVal04.csv")
write.table(rVal05,file="rVal05.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv05 = read.csv("rVal05.csv")
write.table(rVal06,file="rVal06.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv06 = read.csv("rVal06.csv")
write.table(rVal07,file="rVal07.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv07 = read.csv("rVal07.csv")
write.table(rVal08,file="rVal08.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv08 = read.csv("rVal08.csv")
write.table(rVal09,file="rVal09.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv09 = read.csv("rVal09.csv")
write.table(rVal10,file="rVal10.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv10 = read.csv("rVal10.csv")
write.table(rVal11,file="rVal11.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv11 = read.csv("rVal11.csv")
write.table(rVal12,file="rVal12.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv12 = read.csv("rVal12.csv")
# combine these extracted results with the original landslide csv data
combPtVal =
cbind(pt,rValcsv01,rValcsv02,rValcsv03,rValcsv04,rValcsv05,rValcsv06,rValcsv07,rValcsv08,rValcsv09,r
Valcsv10,rValcsv11,rValcsv12)
write.table(combPtVal,file="pluv_daily_interpex_landslides180.csv", append=FALSE, sep= ",",
row.names=FALSE, col.names=TRUE)
# sort tables using data frames and order and sort functions. write to a new sorted csv
combPtValDF <- read.table("pluv_daily_interpex_landslides180.csv", header=T, sep=",")
attach(combPtValDF)
sort1.combPtValDF <- combPtValDF[order(No, date_slide), ]
write.table(sort1.combPtValDF,file="pluv_daily_interpex_landslides180_sort.csv", append=FALSE, sep=
",", row.names=FALSE, col.names=TRUE)
detach(combPtValDF)
# Program complete. The final csv file can now be used to create desired precip accumulations
# and perform regression tests.
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# Eric R. Anderson
# eric.anderson@nsstc.uah.edu
# University of Alabama in Huntsville
# Earth System Science program
# Atmospheric Science Department
#
# Set x, y, and z point values from table in order to perform linear interpolation
# Version 1.4
# 28 April 2013
#
# What's new: variable interpolation technique defined by parent program, not this one.
# raster function added to each interpolated surface to make it compatible with stack function.
# Rasters renamed to have date numbers in filename. This should help raster addition needed to
# calculate susceptibility classes. Grid sizes of 0.025 (~ 3km) are set.
# Masking to El Salvador's buffer is added.
#
#
# Parent program: interpolate_pluv_3182_days.r loads libraries and writes the results to files
# Packages: (loaded in parent program)
#create area of interest for masking. This is El Salvador's border + 10km buffer
aoi <- readShapePoly("D:/_thesis/admin_limits/aoi_sv_buff10_gcs.shp")
#create vectors for x and y grid spacing
ygrids <- seq(13,14.5,(0.025)) # ~3km
xgrids <- seq(-90.25,-87,(0.025)) # ~3km
#set x, y, z and create interpolated rasters.
x<- pluv[,5]
y<- pluv[,4]
z35920<- pluv[,6]; interpex35920 <- mask(raster(interp(x,y,z35920, linear=linLogical, extrap=extLogical,
xo=xgrids, yo=ygrids)),aoi)
z35921<- pluv[,7]; interpex35921 <- mask(raster(interp(x,y,z35921, linear=linLogical, extrap=extLogical,
xo=xgrids, yo=ygrids)),aoi)
…
z40834<- pluv[,3187]; interpex40834 <- mask(raster(interp(x,y,z40834, linear=linLogical,
extrap=extLogical, xo=xgrids, yo=ygrids)),aoi)
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# Eric R. Anderson
# eric.anderson@nsstc.uah.edu
# University of Alabama in Huntsville
# Earth System Science program
# Atmospheric Science Department
#
# Extract TRMM rainfall values for landslides in El Salvador
# Version 1.1
# 26 May 2013
#
# Extract TRMM 3B42 daily precipitation values for 3000+ days from 1998 to 2011,
# selected based on 180-day criterion pre-event.
# This uses R maptools and raster packages to perform the equivalent of ArcGIS's
# "Extract Multi Values to Points" or "Sample" tool in Spatial Analysis, except
# this is much more efficient. TRMM datasets were downloaded from Mirador in
# netCDF format and batch converted to GeoTIFF using ArcGIS (although the conversion
# may not have been necessary). Individual raster files are read for each day
# and then stacked in a raster stack. The points to extract in this case are
# of the 90 known landslides (response) and 90 known "not landslides (reference),
# read in as csv (although shapefile also works). The Extract function is used to
# extract values of interest from all 3000+ TRMM layers for the stations.
#
# What's new: extract to all 180 response/reference points instead of rain
# gauge locations. Extracts both original TRMM values and results of a bicubic
# interpolation using Akima.
#
# Dependencies: fn_trmm3b42daily.r to load, rotate and crop and interpolate
# the TRMM data
#
# Packages: maptools, raster
# load libraries
library(maptools) # autoloads sp
library(raster)
library(rgeos)
library(rgdal)
library(akima)
# set workspace
setwd("D:/_thesis/rainfall/trmm_daily/trial01")
# load points of landslide / non-landslide locations
pt <- read.csv(file="landslides_180_01.csv")
coordinates(pt)= ~ Longitude+ Latitude
# set area of interest
aoi <- readShapePoly("D:/_thesis/admin_limits/aoi_large_gcs.shp")
# call the following program to read and prepare all original and interpolated
# TRMM values. Note that this takes the longest time to run (upwards of 3 hr)
source("D:/_thesis/rainfall/_r/fn_trmm3b42daily_v1.2.r")
# stack rasters of TRMM data with original values
# multiple stacks are used due to memory limits
rStack01  =  stack(r0001,  r0002,  …,  r0500)
rStack02  =  stack(r0501,  r0502,  …,  r1000)
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rStack03  =  stack(r1001,  r1002,  …,  r1500)
rStack04  =  stack(r1501,  r1502,  …,  r2000)
rStack05  =  stack(r2001,  r2002,  …,  r2500)
rStack06  =  stack(r2501,  r2502,  …,  r3000)
rStack07  =  stack(r3001,  r3002,  …,  r3182)
# stack rasters of interpolated TRMM values
bStack01  =  stack(bc0001,  bc0002,  …,  bc0500)
bStack02  =  stack(bc0501,  bc0502,  …,  bc1000)
bStack03  =  stack(bc1001,  bc1002,  …,  bc1500)
bStack04  =  stack(bc1501,  bc1502,  …,  bc2000)
bStack05  =  stack(bc2001,  bc2002,  …,  bc2500)
bStack06  =  stack(bc2501,  bc2502,  …,  bc3000)
bStack07  =  stack(bc3001,  bc3002,  …,  bc3182)
# perform the value extraction on all of the raster stacks of TRMM data with original values
rVal01 = extract(rStack01,pt)
rVal02 = extract(rStack02,pt)
rVal03 = extract(rStack03,pt)
rVal04 = extract(rStack04,pt)
rVal05 = extract(rStack05,pt)
rVal06 = extract(rStack06,pt)
rVal07 = extract(rStack07,pt)
## Note that these 7 extractions (3000+ layers) took less than 15 seconds!
# perform value extraction on all of the raster stacks of interpolated TRMM values
bVal01 = extract(bStack01,pt)
bVal02 = extract(bStack02,pt)
bVal03 = extract(bStack03,pt)
bVal04 = extract(bStack04,pt)
bVal05 = extract(bStack05,pt)
bVal06 = extract(bStack06,pt)
bVal07 = extract(bStack07,pt)
# Note that the bicubic interpolation results in some negative values.
# Because these are erroneous, replace these values with 0 (which is still
# not without error, but at least its less erroneous than negative precipitation)
bVal01p = ifelse(bVal01 < 0, 0, bVal01)
bVal02p = ifelse(bVal02 < 0, 0, bVal02)
bVal03p = ifelse(bVal03 < 0, 0, bVal03)
bVal04p = ifelse(bVal04 < 0, 0, bVal04)
bVal05p = ifelse(bVal05 < 0, 0, bVal05)
bVal06p = ifelse(bVal06 < 0, 0, bVal06)
bVal07p = ifelse(bVal07 < 0, 0, bVal07)
# write these results to a temporary csv file and resave in memory; TRMM data with original values
write.table(rVal01,file="rVal01.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv01 = read.csv("rVal01.csv")
write.table(rVal02,file="rVal02.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv02 = read.csv("rVal02.csv")
write.table(rVal03,file="rVal03.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv03 = read.csv("rVal03.csv")
write.table(rVal04,file="rVal04.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv04 = read.csv("rVal04.csv")
write.table(rVal05,file="rVal05.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv05 = read.csv("rVal05.csv")
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write.table(rVal06,file="rVal06.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv06 = read.csv("rVal06.csv")
write.table(rVal07,file="rVal07.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
rValcsv07 = read.csv("rVal07.csv")
# write these results to a temporary csv file and resave in memory; interpolated TRMM data
write.table(bVal01,file="bVal01.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
bValcsv01 = read.csv("bVal01.csv")
write.table(bVal02,file="bVal02.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
bValcsv02 = read.csv("bVal02.csv")
write.table(bVal03,file="bVal03.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
bValcsv03 = read.csv("bVal03.csv")
write.table(bVal04,file="bVal04.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
bValcsv04 = read.csv("bVal04.csv")
write.table(bVal05,file="bVal05.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
bValcsv05 = read.csv("bVal05.csv")
write.table(bVal06,file="bVal06.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
bValcsv06 = read.csv("bVal06.csv")
write.table(bVal07,file="bVal07.csv", append=FALSE, sep= ",", row.names=FALSE, col.names=TRUE)
bValcsv07 = read.csv("bVal07.csv")
# combine these extracted original TRMM results with the landslide location csv data
combPtrVal = cbind(pt,rValcsv01,rValcsv02,rValcsv03,rValcsv04,rValcsv05,rValcsv06,rValcsv07)
write.table(combPtrVal,file="3B42_daily_ex_landslides180.csv", append=FALSE, sep= ",",
row.names=FALSE, col.names=TRUE)
# sort tables using data frames and order and sort functions. write to a new sorted csv
combPtrValDF <- read.table("3B42_daily_ex_landslides180.csv", header=T, sep=",")
attach(combPtrValDF)
sort1.combPtrValDF <- combPtrValDF[order(No, date_slide), ]
write.table(sort1.combPtrValDF,file="3B42_daily_ex_landslides180_sort.csv", append=FALSE, sep= ",",
row.names=FALSE, col.names=TRUE)
detach(combPtrValDF)
# combine these extracted interpolated TRMM results with the landslide location csv data
combPtbVal = cbind(pt,bValcsv01,bValcsv02,bValcsv03,bValcsv04,bValcsv05,bValcsv06,bValcsv07)
write.table(combPtbVal,file="3B42_daily_ex_interp_landslides180.csv", append=FALSE, sep= ",",
row.names=FALSE, col.names=TRUE)
# sort tables using data frames and order and sort functions. write to a new sorted csv
combPtbValDF <- read.table("3B42_daily_ex_interp_landslides180.csv", header=T, sep=",")
attach(combPtbValDF)
sort1.combPtbValDF <- combPtbValDF[order(No, date_slide), ]
write.table(sort1.combPtbValDF,file="3B42_daily_ex_interp_landslides180_sort.csv", append=FALSE,
sep= ",", row.names=FALSE, col.names=TRUE)
detach(combPtbValDF)
# Program complete. The final csv file can now be used to create desired precip accumulations
# and perform regression tests.
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